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1 General introduction
This Chapter provides a general introduction to the research field of this thesis. Background
information is provided as well as a short introduction to the history of soil moisture estimation from
space-borne observations, in particular from passive microwave observations at the global scale. The
focus in this thesis is on soil moisture retrievals from passive microwave observations, which are
compared to other products, extend existing retrieval approaches and show room for improvements
also in relation to future satellite missions. The work presented in this thesis, together with
contemporary work, forms a solid basis for integrating soil moisture retrievals from passive
microwave observations into the European Space Agency Climate Change Initiative (ESA CCI) project
for soil moisture with special emphasis to their uncertainty estimates. The ESA CCI project aims for
the most complete and consistent global soil moisture data record based on all available passive and
active microwave observations currently spanning in total almost 35-years.

1.1 Background
The hydrological cycle, also known as the water cycle, is the continuous process by which water
is circulated throughout the Earth and its atmosphere. In doing so, the water goes through the
different phases (i.e. liquid, solid and gas). Evaporation is the process for water vapour entering the
atmosphere, as this water vapour rises in the atmosphere it forms clouds, a process called
condensation. Precipitation returns the water to the Earth where it infiltrates into the ground, flows
as runoff, is intercepted by for example vegetation or being stored in water bodies such as lakes and
snow caps. This cycle involves the exchange of heat, evaporation, for example, takes up heat from its
surroundings and cools the environment while condensation releases energy and warms the
environment. The dynamics of the water cycle are of critical importance for human activities. They
play a major role in our food supply (agriculture), personal consumption, industry, environmental
state and development and were the crucial factor for early humans to settle near rivers and lakes.
Extreme events such as droughts, floods, heat waves and fires are all related to the hydrological cycle
and the exchange of heat and have an obvious major socio-economic impact.

Figure 1. An overview of the hydrological cycle, showing how water circulates over, under and above the Earth’s surface
(Image courtesy of NASA GSFC).
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Over the last couple of decades an increasing amount of evidence became available showing
ongoing climate change on our planet Earth. An ongoing debate is whether the reality of climate
change is human induced or a natural cycle, which has become much of the focus of the media.
Space-borne observations can offer the spatial and temporal resolution necessary for observing the
entire globe and its atmosphere, providing observational evidence contributing to this discussion.
The impact of anthropogenic greenhouse gas emissions on top of the natural occurring cycle impacts
both the water- and energy-cycle. A key question for scientists concerning this topic is to determine
the frequency of extreme hydrological events (i.e. droughts and floods) over the last couple of
decades using observational data and/or models, to either support or refute the so-called
acceleration of the hydrological cycle hypothesis. Simple reasoning tells that increasing amounts of
greenhouse gasses in our atmosphere lead to higher temperatures therefore higher evaporation
rates, less soil moisture and more precipitation. In reality, there is no simple reasoning in climate
change modelling as non-uniform, complex (feedback) processes occur and observational data is
therefore of key-importance for the calibration and/or validation of climate models. Multi-decadal
observational records provide opportunities to examine these climate models over a range of
scenarios improving the assessment of their reliability (Hollmann et al. 2012).
The focus in this thesis is on surface soil moisture, the amount of water in the uppermost layer
of the soil, which plays a major role in many water- and energy-related studies. The important role of
soil moisture for the environment is well known. Soil moisture contributes to processes such as
drought development, runoff generation, flooding, vegetation development and agricultural
management. Accurate knowledge of (antecedent) temporal behaviour and the spatial distribution
of soil moisture fields, particularly on short time scales, may improve (numerical) weather
predictions. On somewhat longer time-scales, (sub-) seasonal forecasting, the importance of such soil
moisture information is also well established (Koster et al. 2006; Koster et al. 2010). Soil moisture
also acts as a source for terrestrial evaporation (Miralles et al. 2011) as a significant amount of
precipitation re-enters the atmosphere being stored (at various time-scales) in the most upper soil
layer. Soil moisture feedback mechanisms significantly impact the climate system. Recently an
important soil moisture-precipitation feedback mechanism in convective systems (cover photo) using
observational soil moisture data was revealed (Taylor et al. 2012) confirming the significant impact.
Given the control of evaporation in water limited evaporation regimes, soil moisture information is
expected to have a strong impact on feedback mechanisms in particular in transition zones located
between wet and dry climates (Koster et al. 2010). Given the partitioning of energy at the subsurface, soil moisture plays an important role in dividing all available net radiation over land into the
sensible-, latent- and ground-heat fluxes. Remotely sensed soil moisture products may thus play a
crucial role in better understanding such processes and feedback mechanism providing an essential
role of soil moisture observational data.
Since (historical) satellite soil moisture products first became available in 2002, several research
applications have shown the importance of this variable. Satellite soil moisture has already been
used to show improvements in weather predictions, runoff monitoring and drought development
enhancing our knowledge of land atmosphere interactions. The Global Climate Observing System
(GCOS) listed 50 Essential Climate Variables (ECVs) required for supporting the work of UNFCCC and
the IPCC. ECVs are technically and economically feasible for systematic observations for both current
and historical observations. Soil moisture was recognized as an emergent ECV in 2004 however the
retrieval of soil moisture using existing satellite sensors was deemed too difficult (Wagner et al.
2012). As technical developments progressed, the number of successful retrieval algorithms using
the long-term heritage of satellite sensors grew over the years. This development was recognized by
GCOS in 2010 resulting in the addition of soil moisture to the list of terrestrial ECVs (GCOS 2010),
recommending making best use of existing observations for soil moisture retrievals. Nowadays soil
moisture may be retrieved from space-borne microwave (active and passive), as well as from radar
altimeters, TIR- or SAR-observations.
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In order to study the entire Earth as a complete system and to understand the changes of this
complex system, a large number of Earth observing missions were developed over the last couple of
decades. In space-borne remote sensing sensors are mounted onboard satellites, orbiting the Earth
and providing im4agery for research and operational applications. Initially developed for military
purposes, space-borne remote sensing techniques started around the 1960s. Over the following
decades such observations progressed into the research and development direction with, for
example, 30-years of meteorological data from the entire Nimbus satellite series. Nowadays, a large
variety of space-borne observations are available. This revolution in space is also clearly reflected
into our daily routines with the introduction of navigation systems, advanced communication
systems and real-time weather applications such as the precipitation radars. Thanks to their
consistent and continues measurement capability, Earth observing missions are extremely valuable
tools for monitoring our planet. Currently, a wide variety of satellites orbit the Earth providing a
wealth of information about our atmosphere, oceans and the land surface. Earth observing missions
have monitored the Earth over 40 years and contributed to advances in many aspects of the complex
climate system. Global datasets for climate variables became available over the last couple of
decades observed by several satellite missions, retrieved from various sensors, each having unique
orbit- and instrumentation-characteristics. The life span of satellites largely depends on their size,
design, the amount of fuel, the quality of the sensors and potential follow-on sensors and may range
from a very short time to several decades. Attempts to harmonize the wealth of global datasets,
coming from a wide variety of sources, are often hampered by a lack of homogeneity and continuity,
and insufficient understanding of the product and associated uncertainties (Hollmann et al. 2012).
Recently, the ESA responded to this by establishing the CCI, mandating that satellite datasets need to
be reassessed and reprocessed to maximize their usefulness (e.g. model-forcing or -validation) for
climate sciences.
Early 2012, the ESA CCI soil moisture project was launched with the overall objective to produce
the most complete and consistent global soil moisture data record based on all available passive and
active microwave observations. The project currently focuses on the use soil moisture retrievals from
active microwave observations in the C-band frequency made by ERS-1, ERS-2 and ASCAT, and the
multi-frequency radiometer observations from SMMR, SSM/I, TRMM, AMSR-E and WindSat. Soil
moisture observations from other sources, such as the previously mentioned TIR- and SARobservations as well as observations from SMOS were not yet included, however the production
system allows the integration of these soil moisture products in the future.

Figure 2. Microwave sensors that can be used for generating the most complete and consistent soil moisture data record.
This figure was initially constructed by Klaus Scipal and updated by Wouter Dorigo from the WACMOS and ESA-CCI team
(http://www.esa-soilmoisture-cci.org/).
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1.1.1 A short introduction to the remote sensing of soil moisture
The large contrast between the dielectrical properties of liquid water and dry soil forms the
basis for retrieving soil moisture. The potential of observations in the microwave frequency to use for
this purpose was recognized early (Eagleman and Ulaby 1975). The effective dielectric constant
strongly increases when water is added to dry soil, since emission and scattering properties of this
mixture are strongly influenced by this dielectric constant, microwave observations are highly
sensitive to soil moisture (Schmugge et al. 1986; Ulaby et al. 1986). This sensitivity combined with
the cloud penetrating properties of observations in the microwaves frequency make them very
suitable for soil moisture retrievals, allowing both day- and night-time observations and being almost
all weather proof. Both active and passive observations in the microwave frequency can be used to
retrieve soil moisture at the global scale and the first global soil moisture product first became
available in 2002 (Wagner et al. 2003). This global soil moisture product was based on active
microwave observations and its release was closely followed by the release of another global soil
moisture product based on passive microwave observations (de Jeu and Owe 2003).
These two global soil moisture products were mainly based on microwave observations in the Cband frequency, the lowest frequency available at that time. Low frequency observations are
preferred since they have the most sensitivity to soil moisture. This is also the reason that the
current SMOS (Kerr et al. 2010) and future SMAP (Entekhabi et al. 2010b) satellite missions observe
the Earth’s surface in the L-band frequency. All historically and current active and passive microwave
sensors together span an almost 35-year record, starting with passive microwave observations from
SMMR onboard the Nimbus-7 satellite to current times with observations from several sensors
available (e.g. multiple ASCAT sensors, SMOS, Aquarius, WindSat, AMSR-II, TRMM, Fengyun). Soil
moisture retrieval approaches are very different in the active- and passive field. In this thesis we
mainly focus on passive microwave observations to compare, extend, improve and optimize soil
moisture products from these.
Since June 2002 the AMSR-E sensor has given the scientific community a wealth of information
of our home planet, in particular for global change research and monitoring efforts. AMSR-E was
specifically designed to observe water-related geophysical variables on the global scale. The sensor
managed to exceed the designed 6-year mission lifetime significantly leading to an almost decadal
continuous and consistent data record. Passive microwave observations were made by AMSR-E in a
range of frequencies at different polarizations, which were linked to geophysical variables using
retrieval algorithms. Such algorithms range from very simplistic, empirical approaches only tested on
the very local scale to extremely complex, physically based algorithms applicable on the global scale.
Observations made by AMSR-E were used to retrieve a wide range of geophysical variables such as
precipitation, surface temperature, air temperature, sea surface temperature, sea ice extend, water
vapour, snow and vegetation characteristics. AMSR-E was one of the first sensors widely used for the
retrieval of global surface soil moisture and several algorithms have been developed to estimate this
geophysical variable from data from this sensor (Njoku et al. 2003; Jackson et al. 2004; Owe et al.
2008). Several global soil moisture products from the AMSR-E sensor are provided by the GCMD of
NASA’s GSFC, this heritage is the main reason for the prominent role of the AMSR-E sensor in the
thesis.
For many years, it was thought that the retrieval of soil moisture using existing remote sensing
observations was deemed too difficult (Wagner et al. 2012). Since a global consistent soil moisture
data record was lacking for many years, major assumptions about its spatial distribution as well as its
temporal behaviour had to be made in land surface modelling. Often, simple empirical relations with
(antecedent) precipitation data were applied to simulate the unsaturated zone, highly simplified
bucket approaches were used to fill (and empty) the underlying ground water storage or real world
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processes were simplified by neglecting lateral flow of water. Because of the lack of consistent soil
moisture data record, the unsaturated zone was often used to calibrate land surface models,
therefore errors coming from a wide variety of sources actually entered the unsaturated zone
module of such models. In recognition of its importance, dedicated missions were developed by ESA
(SMOS) and currently being developed by NASA (SMAP), both observing the Earth’s surface in the Lband frequency. As stressed by (Wagner et al. 2007), besides these technical innovations, another
revolution has taken place in algorithm development applied to both historical and currently active
remote sensing observations. Increasing processing power allowed research to develop soil moisture
retrieval algorithms that are applicable at the global scale. This algorithm development led to greater
diversity of methods and consequently more successful retrieval algorithms.

1.1.2 A short introduction to uncertainty estimation
In space-borne remote sensing, sensors collect data from different parts of the electromagnetic
spectrum emitted by large areas. These data are the actual measurements that research scientists
often link to geophysical variables using retrieval algorithms. Both the actual measurement and this
retrieval algorithm introduce uncertainties in the retrieved geophysical variable, since no
measurement is exact and no retrieval algorithm is perfect, uncertainties are evident in the retrieved
geophysical variables. Attempts to exploit and assemble space-borne observations of the entire Earth
are often hampered by insufficient understanding of these geophysical products as well as their
uncertainty estimates (Hollmann et al. 2012). The difference between the actual value of a quantity
and the actual value obtained by a measurement is defined as the measurement error. Repeating the
measurement will reduce the random error, which is caused by the accuracy limit of the measuring
instrument, in this case the passive microwave radiometer collecting brightness temperatures.
Systematic errors remain when repeating the measurements since they are caused by incorrect
calibration of the measurement instrument. The retrieval algorithms linking the remotely sensed
observations to geophysical variables also introduce an uncertainty in the retrieved products. This
retrieval uncertainty is caused by the used methodologies and their parameterization in the retrieval
algorithm (Chapter 5).
Numerous data assimilation studies (Brocca et al. 2010; Drusch 2010) demonstrated the need of
additional satellite surface soil moisture uncertainty estimates to improve weather-, flood- and
climate-forecasts. To assess the reliability of the results and to assess the confidence level that can
be placed in decisions based on its use, uncertainty estimations are important (Lahoz et al., 2010). An
obvious example is, as previously mentioned, flood forecasting where uncertainty estimations have a
direct relation to socio-economic impacts. Flood forecasting is the use of real-time hydrological data
(i.e. precipitation, stream-flow, antecedent state of the system) and aims to forecast flow rates and
stage levels for upcoming periods. Flood forecasting systems can potentially prevent a lot of damage
when society has the time to take precautionary measure. The quality of flood forecasting systems is
likely to improve when remotely sensed soil moisture and concurrent estimated uncertainties are
included to update the state of the system. Another example with high socio-economic impact, not
necessary linked to soil moisture but clearly explaining the importance of uncertainty estimations, is
hurricane tracking. Spaghetti tracks in all kind of line-styles and -colours are presented during Near
Real Time (NRT) monitoring of such a potentially devastating event. Each of the lines represents the
most likely track the hurricane is going to follow in the upcoming period according to a specific
model. Each of these models are simplified when compared to real world processes and they all have
a certain range of uncertainty based on these simplification as well as the accuracy of the forcing
data.
Uncertainty characterisation in climate records is of critical importance to their usefulness for
both scientists and policy makers. Currently, several approaches to estimate the performance of
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remotely sensed soil moisture products exist and are applicable at the (quasi-) global scale while
ground based observation can be used for verification at the local scale. Methods such as the TC
technique, the Rvalue verification technique, unsaturated zone modelling and data assimilation
techniques were developed to verify the quality of remotely sensed soil moisture products. Each of
this verification technique has its pros and cons but the wide variety of verification techniques
developed over the last couple of years offers an opportunity for cross-verification, and likely a
combination of them will lead to most optimal use of remotely sensed soil moisture and soil
moisture uncertainty estimates.

1.2 Rationale and motivation
In 2002 the first global remotely sensed soil moisture product became available, several other
products closely followed this release. Parallel to improved sensor design, algorithm development
and other technical innovations resulted in significantly improved products over the following years.
Nowadays multiple global soil moisture products from a wide variety of space-borne sensors are
available, where each of the products has unique characteristics. During the WACMOS project in
between 2009 and 2011, the first globally consistent soil moisture data record based on passive and
active microwave observations was developed. Its successor, the ESA CCI soil moisture project, was
launched early 2012 and is a project in which this 30+ years soil moisture record is further being
developed.
The ESA CCI soil moisture project and the research presented in this thesis have mutual goals,
aiming for the most complete and consistent global soil moisture data record based on all available
passive and active microwave observations currently spanning in total almost 35-years. Here, we
mainly focus on the soil moisture products retrieved from passive microwave observation to make
optimal use of them before they enter the ESA CCI soil moisture processing chain.

1.3 The structure of this thesis
This thesis starts by detailing a key retrieval algorithm used in several chapters of this thesis.
This methodology was initially developed for space-borne observation from the SMMR radiometer
and was later transferred to other space-borne radiometers (Owe et al. 2008). The retrieval of
geophysical variables is always linked to validation activities and several approaches were developed
over the last couple of years, including contemporary ones, which were summarized (Chapter 2).
Chapter 3 describes the application of the LPRM to observations from the WindSat multi-frequency
radiometer, including an inter-comparison of the satellite observation and the adaption of the
method to estimate land surface temperature (LST). An inter-comparison study of remotely sensed
soil moisture from several space-borne sources (i.e. thermal infrared (TIR), active- and passive
microwaves) was presented in Chapter 4, including the application of an existing method to enhance
the spatial resolution of soil moisture retrievals from passive microwave observations. Chapter 5
presents an analytical solution that aims to derive soil moisture error estimates for the LPRM soil
moisture product with minimum computing time creating the opportunity to simultaneously
calculate both soil moisture and the associated error. Two newly developed, large scale soil moisture
verification techniques were applied to quantify the global-scale impact of replacing space-borne LST
retrievals with re-analysis LST outputs on the accuracy of WindSat and AMSR-E based soil moisture
retrievals (Chapter 6). Finally, Chapter 7 presents the main conclusions and an outline for future
activities.
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2 The retrieval and validation of geophysical variables from passive
microwave observations
Space-borne passive microwave observations are often linked to geophysical variables such as
soil moisture, atmospheric water vapour, land surface temperature and vegetation optical depth,
using so-called retrieval algorithms. A key retrieval algorithm used in this thesis is the Land Parameter
Retrieval Model (LPRM) for which the basic approach was presented in several publications (Meesters
et al. 2005; Owe et al. 2008; Parinussa et al. 2012). The retrieval of such geophysical variables always
needs validation for which ground based observations are commonly used. Large-scale validation of
soil moisture retrievals is generally hampered by a lack of ground based observation networks with
sufficient spatial density to be accurately up-scaled to the resolution of satellite based soil moisture
retrievals (Scipal et al. 2008). In response to this challenge, several global- and regional-scale
verification approaches were developed over the last couple of years. This chapter starts with an
introduction to passive microwave observations relevant in this thesis, following chapters often refer
to this section in case such information is relevant. A detailed description of the LPRM was also given,
followed by the wide range of currently available verification techniques in which contemporary
initiatives were also presented and acknowledged where appropriate.

Significant parts of this chapter are based on the following three publications, contemporary
publications are included and acknowledged where appropriate:
Parinussa, RM, Holmes, TRH, de Jeu, RAM, Walker, JP. 2008. Comparison of Microwave and
Infrared Land Surface Temperature Products Over the NAFE’06 Research Sites. IEEE GRSL 5(4), 783787.
Parinussa, RM, Holmes, TRH, Yilmaz, MT, Crow, WT. 2011. The Impact of Land Surface
Temperature on Soil Moisture Anomaly Detection from Passive Microwave Observtions. Hydrol. Earth
Syst.Sci. 8, 3135-3151.
Parinussa, RM, Holmes, TRH, de Jeu, RAM. 2012. Soil Moisture Retrievals from the WindSat
Space-borne Polarimetric Microwave Radiometer. IEEE TGRS 50(7), 2683-2694.

2.1 An introduction to passive microwave observations
A passive microwave sensor is an instrument designed to receive and measure the natural
emissions produced by the Earth’s surface and its atmosphere. Currently, there is a continuous
database of global passive microwave observations spanning an almost 35-year period. The first
global passive microwave observations were made by SMMR, a microwave radiometer onboard the
meteorological Nimbus-7 satellite which was launched in 1978 and lasted until August 20th 1987. The
SSM/I passive microwave radiometer series has been operating almost continuously since June 1987
and provided similar observations. The microwave imager onboard TRMM is a nine-channel
radiometer and was launched in November 1997. Unlike the polar orbiting SMMR- and SSM/I
sensors, TRMM has divergent orbit characteristics and is in a constant plane relative to the sun, with
about 16 orbits per day covering the latitudes between 38° North and 38° South. Remarkably, TRMM
is still providing the research community with NRT passive microwave and precipitation radar
observations exceeding its 3-year lifetime design significantly. AMSR-E is a radiometer onboard
NASA’s Aqua satellite, and was in operation from June 19th 2002 until it was switched off on October
4th 2011 due to rotation problems with its antenna. Observations made by AMSR-E during its entire
lifetime lead to an almost decade-long, consistent and continuous passive microwave dataset. The
design of the WindSat microwave radiometer onboard the Coriolis satellite, launched on the 6th of
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January 2003, is based on AMSR-E. WindSat is developed by the Naval Research Laboratory (NRL) for
the U.S. Navy and the NPOESS-Integrated Program and was originally designed to demonstrate the
capability of microwave radiometers to measure the ocean surface wind vector from space. WindSat
observations over land can be used to retrieve geophysical land surface variables. In November 2009,
the SMOS satellite was added providing the research community with passive microwave
observations in the L-band frequency. Figure 2 presents a timeline of all these passive microwave
sensors that can be used for the retrieval of geophysical variables. In this thesis we focus on the
retrieval of geophysical variables from the AMSR-E, WindSat and TRMM passive microwave
radiometers. The relevant characteristics of these instruments are provided in Table 1.
Satellite sensor
Parameter
Frequencies (GHz)
Bandwidth (GHz)
Polarization

AMSR-E

TRMM

WindSat

6.9, 10.65 and 36.5
0.35, 0.10 and 1.0
H,V all frequencies

10.7 and 37.0
0.10 and 2.0
H,V all frequencies

55° for all frequencies

52.8° for all frequencies

43x74 for 6.9 GHz
30x51 for 10.65 GHz
8x14 for 36.5 GHz
705
1445
Polar
1:30 PM
1:30 AM
May 2002 to October 2011

37x63 for 10.7 GHz
9x16 for 37.0 GHz
400
878
Equatorial (38°N-38°S)
Variable
Variable
December 1997 to present

6.8, 10.7 and 37.0
0.125, 0.30 and 2.0
H,V all frequencies
53.5° for 6.8 GHz
49.9° for 10.7 GHz
53.0° for 37.0 GHz
40x60 for 6.8 GHz
25x38 for 10.7 GHz
8x13 for 37.0 GHz
840
1025
Nearly Polar
6:00 PM
6:00 AM
January 2003 to present

Incidence angle

Sample sized footprints (km)
Altitude (km)
Swath width (km)
Orbit type
Ascending orbit
Descending orbit
Data period

Table 1: Specifications for the AMSR-E, TRMM and WindSat microwave sensors relevant in this thesis

2.2

Retrieval algorithms

Over the years several algorithms to retrieve geophysical variables such as soil moisture and
LST from passive microwave observations were developed (Njoku et al. 2003; Jackson et al. 2004;
Owe et al. 2008; Li et al. 2010). Some algorithms were developed and applied for studies on the very
local- or regional scale while other retrieval algorithms were developed for getting the global picture.
Holmes et al. (2009) developed a retrieval method based on a simple linear regression between
vertical polarized Ka-band observations and LST. Results of these LST retrievals were validated
against ground based observations and were also compared to LST products from TIR observations
(Parinussa et al. 2008) showing that LST retrieved from passive microwave observations broadly
capture the diurnal temperature cycle. Results of the various soil moisture algorithms have been
validated on varying scales using several types of observations and methods (Wagner et al. 2007;
Draper et al. 2009; Crow et al. 2010; Jackson et al. 2010; Li et al. 2010). Several of these studies show
that the LPRM soil moisture captures a high degree of the temporal variability in spatially averaged
soil moisture estimated obtained from high-density ground gauge networks compared to other soil
moisture retrieval algorithms (Wagner et al. 2007; Draper et al. 2009; Jackson et al. 2010; Brocca et
al. 2011). This finding was confirmed by Crow et al. (2010) using a completely different approach, the
Rvalue method (Section 2.3.3), and using soil moisture anomalies rather than absolute values. The skill
to capture a high degree of temporal variability of soil moisture was the main driver to focus on the
LPRM soil moisture retrievals in this thesis (Section 2.3).

2.2.1 The Land Parameter Retrieval Model
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The basic concept of the LPRM was described by de Jeu and Owe (2003) and Owe et al.
(2001) and the global implementation was presented in Owe et al. (2008). The LPRM is based on a
radiative transfer model that links soil moisture, LST and vegetation optical depth (VOD) to the
brightness temperatures observed by the space-borne radiometer. LST is retrieved offline using a
simple linear relation between vertical-polarized Ka-band observations (Holmes et al. 2009). The
LPRM assumes that LST is the weighted average mean temperature between the soil temperature
(TS) and the vegetation canopy temperature (TC). Radiometers aboard satellite platforms observe the
top-of-atmosphere brightness temperature (TB) in horizontal (H) and vertical (V) polarizations. The
radiation from the land surface (TBs) in both polarizations (P) as observed from above a canopy is
given by Mo et al. (1983), and forms the basis of the LPRM:
Eqs 1)

TBs ( P ) = TS er ( P ) Γv + (1 − ω )TC (1 − Γv ) + (1 − er ( P ) )(1 − ω )TC (1 − Γv )Γv

where TS and canopy TC are derived separately from the retrieval algorithm using the method
of (Holmes et al. 2009) (Section 3.2.2) and ω is the single scattering albedo. The vegetation
transmissivity (Γv) and the rough surface emissivity (er(P)) are further linked through the
parameterization of the VOD (τv) which is formulated as a function of the observed microwave
polarization difference index (MPDI) according to the analytical solution developed by (Meesters et
al. 2005):
Eqs 2) MPDI =

TB (V ) − TB ( H )
TB (V ) + TB ( H )

The vegetation transmissivity (Γv) then follows from (3) in which ϑ is the incidence angle:

 −τv 

 cos(ϑ ) 

Eqs 3) Γv = exp

The rough surface emissivity (er(P)) is calculated for the entire soil moisture range (from 0% to
100% volumetric soil moisture in intervals of 1% volumetric soil moisture). The associated soil bulk
dielectric constant (ε) of the soil–water mixture, which is a complex number (ε=ε’+ε”i), is calculated
for this soil moisture range according to local soil texture and soil temperature using the Wang–
Schmugge model (Wang and Schmugge 1980; Owe and van de Griend 1998). If the assumption is
made that the soil has a smooth dielectric boundary and that the temperature and soil moisture
distributions are uniform, the smooth surface reflectivity (RH,RV) associated with the dielectric
constant may be calculated from the Fresnel equations:
2
Eqs 4) RH = cos(ϑ ) − ε − sin ϑ
cos(ϑ ) + ε − sin 2 ϑ

2

2
Eqs 5) RV = ε ⋅ cos(ϑ ) − ε − sin ϑ
ε ⋅ cos(ϑ ) + ε − sin 2 ϑ

2

The surface roughness model developed by Wang and Choudhury (1981) was then used with
globally constant roughness parameter (h) and cross-polarization (Q) to modify the smooth surface
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reflectivity (RH,RV) into the rough surface reflectivity. Then, the complementary rough surface
emissivity (er(H), er(V)) is computed. Finally, the small atmospheric contribution to the brightness
temperature as measured by the space-borne radiometer was modelled according to:
Eqs 6) TB ( P ) = Tu + exp(− τ a )(TBs ( P ) + rPTd )
In which τa is the atmospheric opacity, rp is the surface reflectivity, and Tu and Td are the upand down-welling atmospheric emissions, respectively. These calculations result in a range of
predicted top-of-atmosphere brightness temperatures over the entire soil moisture range, which are
used in the optimization procedure. While the absolute magnitude of the soil emissivity is somewhat
lower at horizontal polarization, the sensitivity to changes in soil moisture is significantly greater than
at vertical polarization (Owe et al. 2001). For this reason, the soil moisture level at which the
difference between the forward modelled and remotely sensed observed top-of-atmosphere
horizontal polarized brightness temperatures (TB(H)) is smallest is considered the optimal value and is
reported together with its associated VOD. A more detailed description of the retrieval model may
be found in Owe et al. (2008).
Soil moisture retrievals from microwave emission are possible due to the large contrast
between the dielectric properties of dry soil (approximately 4) and water (approximately 80). This
contrast results in a broad range in the dielectric properties of the soil–water mixture (4–35 for the
real part) and is the primary influence on the natural microwave emission from the near surface
(Schmugge et al. 1986). Vegetation affects the microwave emission as well, and under a sufficiently
dense canopy, the emitted soil radiation will become completely masked. Recently, several studies
(Crow et al. 2010; Dorigo et al. 2010) have found an increasing quality in soil moisture retrievals with
decreasing observation frequency. Parinussa et al. (2011) found increasing random noise levels in
LPRM soil moisture from AMSR-E with increasing vegetation cover (Chapter 5). Routinely, soil
moisture retrievals from the C-band frequency are masked when the simultaneously retrieved VOD
(τv) exceeds values of 0.80. Under frozen surface conditions, the dielectric properties of the water
change significantly, therefore, all pixels where the surface temperature is observed to be at or
below 273 K are assigned with an appropriate data flag; this was determined using the method of
Holmes et al. (2009). The LPRM initially uses the lowest frequency (C-band) on board the satellites;
however, in significantly large areas over the U.S., Japan, India, and the Middle East region, the
natural emission in this frequency band is affected by artificial sources, the so-called Radio Frequency
Interference (RFI). RFI is the artificial disturbance of the natural emission in specific frequencies and
their associated bandwidth from sources like communication devices and other technical equipment.
As a diagnostic for possible errors, an RFI index is calculated according to Li et al. (2004). This RFI
index was used in a conservative way and was monitored over a long period; in suspicious areas, we
switched back to the higher but not contaminated X-band frequency (see Figure 23 as an example).

2.3 Validation techniques
There are several methods to validate individual remotely sensed products for which ground
based observations are most commonly used, however, validation using ground based observations
is not a straightforward task. Ground based observations have the advantage of being in situ and can
be collected in the field at study sites, however collecting them is often labour intensive, therefore
time-consuming and costly. Another disadvantage of ground based observation is their spatial
representation which is often very different from the spatial representation as observed by spaceborne sensors. Over the last couple of years several alternative verification techniques are being
developed, which are applicable at the regional- to global- scale verifying remotely sensed soil
moisture at their native spatial resolution. Examples of these newly developed techniques are the TC
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method (Stoffelen 1998; Scipal et al. 2008; Dorigo et al. 2010), the Rvalue verification technique (Crow
et al. 2010; Parinussa et al. 2011) and unsaturated zone modelling (Wanders et al. 2012).
When using ground based observations for validation purposes, correlation coefficient (R),
standard error (SE), root mean square error (RMSE), bias and the bias removed RMSE (ubRMSE) are
commonly used statistics. The bias represents the difference between the mean of each datasets, for
example when x represents the in situ data and y the remotely sensed soil moisture data. R, SE and
RMSE can be determined using equations (7, 8, 9), where σx is the variation of the in situ
observations, E[•] is the expectation operator and θx and θy are the in situ and satellite soil moisture
observation, respectively:
Eqs 7) R =

n(∑θ xθ y ) − (∑θ x )(∑θ y )

[n∑θ x − (∑θ x ) 2 ][n∑θ y − (∑θ y ) 2 ]
2

2

Eqs 8) SE = σ x 1 − R 2
Eqs 9) ubRMSE =

E{[(θ y − E[θ y ]) − (θ y − E[θ y ])]2 }

The SE is a performance metric that represents the random error and is insensitive for
deviations in the dynamics and biases of the evaluated products. For this reason, the SE indicates the
lowest attainable error level when all systematic differences are removed. The ubRMSE is a
performance metrics quadratically penalizing for deviations of the estimate with respect to true (in
situ) soil moisture (Entekhabi et al. 2010). The removal of the mean bias reduces these deviations,
but seasonally varying biases may still impact this performance metric. Also, deviating dynamics
(amplitude) between the evaluated products are penalized quadratically in the ubRMSE (Entekhabi
et al. 2010). In case of the validation of remotely sensed soil moisture using in situ data, deviating
dynamics could result from the different soil layers that both soil moisture products are essentially
observing. Over the last years, the use of such statistics for the validation of remotely sensed soil
moisture products was discussed (Crow et al. 2010; Entekhabi et al. 2010; Liu et al. 2011; Yilmaz and
Crow 2012) stressing the importance of the skill to capture the temporal variability (R). For the
majority of the applications and/or data assimilation techniques that use remotely sensed soil
moisture data the temporal correlation coefficient is arguably the most important indicator of utility.
Especially for data assimilation it is a prerequisite to minimize systematic differences (Reichle and
Koster 2004), often by removing the climatology and scaling the anomalies to match the models
climatology (e.g. by cumulative distribution function (CDF)-matching). The use of the newly
developed techniques, which can be applied at the regional, continental or global scale, is also not a
straightforward task, and their results should be interpreted with care. Here, we describe the
available verification techniques, give their advantages and disadvantages and in the following
chapters we often refer to this section when information about these verification techniques is
required.

2.3.1 Ground based observations
Ground based observations are commonly used for the validation of remotely sensed
products. In situ is a Latin phrase for ‘in position’ and refers to measurement devices in direct
physical contact with the object of interest, which in this thesis holds mainly for soil moisture and LST
sensors. This direct physical contact is an advantage of in situ observations since we can actually
observe the phenomena under investigation by actually sensing it ourselves (to feel or see). One of
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the downsides of in situ observation is its intrusive character meaning that the scientist can actually
change the characteristics of the phenomenon being measured during the data collection, for
example changing the natural pore structure in case a sensor for measuring the volumetric moisture
of the soil is placed at a certain depth below the surface. Another downside of in situ observations is
its vulnerability to the force of nature, for example erosion, and often the collection of in situ
observations is costly and time consuming. However, the most significant challenge for the validation
of data products from geophysical variables retrieved from passive microwave observations is the
contrast between the point scale nature of ground based instruments and the ground resolution of
the satellite observation. This problem is a direct result of the extensive spatial variability in surface
soil moisture fields generated through complex interactions between pedologic, topographic,
vegetative and meteorological factors (Crow et al 2012).
An important contribution to validation efforts using ground based soil moisture (as well as
LST and precipitation) was made by the International Soil Moisture Network (ISMN)
(http://ismn.geo.tuwien.ac.at/; Dorigo et al., 2011). The ISMN is a centralized data hosting facility
where globally available in situ soil moisture measurements are collected, harmonized and made
available to users. Currently (January 2013), the ISMN contains data from 35 networks mainly located
in Europe, the U.S. and Australia. Several of these networks contain multiple monitoring stations at
the passive microwave footprint-scale, owing typical levels of spatial variability in soil moisture field
such high density monitoring networks are most valuable. Examples of such high density networks
are the OzNet networks located in the Murrumbidgee catchment in south-eastern Australia, the
USDA watersheds located in Oklahoma, Georgia, Arizona and Idaho and the Remedhus network
located in the central part of the Duero basin in Spain. Several validation papers (Draper et al. 2009;
Jackson et al. 2010; Miralles et al. 2010; Parinussa et al. 2012; Wanders et al. 2012) use ground based
data observed at these networks to calibrate, validate and compare various remotely sensed
products. A timeseries example of comparing ground based observations at multiple sites (S1 at
34.96°S and 146.03°E, S2 at 35.09°S and 146.13°E, S3 at 34.97°S and 146.01°E) to LST retrievals from
TIR and passive microwave observations is given in Figure 3. Another example for the validation of
soil moisture data as observed by AMSR-E and WindSat is given in Chapter 3.

Figure 3. Time series of TIR ground observations (black), MW observations (blue), and MODIS observations aggregated to
2
2
20 km (red). Gray areas indicate periods with clouds; black areas indicate hours with rainfall.
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Over the recent years, several papers (de Jeu et al. 2008; Scipal et al. 2008; Naeimi et al.
2009; Dorigo et al. 2010; Parinussa et al. 2011; Parinussa et al. 2011) using various approaches
revealed varying quality in remotely sensed soil moisture products as a function of its climate regime.
One clear feature in these studies was the strong relation between the quality of remotely sensed
soil moisture and the above lying vegetation canopy. As (quasi-) global verification of surface soil
moisture is generally hampered by a lack of ground-based observation networks with sufficient
spatial density to be accurately up-scaled to the resolution of satellite-based soil moisture retrievals
(Scipal et al. 2008). Recently, ground-based observations have been made more readily available
(http://www.ipf.tuwien.ac.at/insitu/ and http://www.wcc.nrcs.usda.gov/scan/), enhancing the
evaluation of remotely sensed soil moisture using ground-based observations over a wide range of
land cover types (Brocca et al. 2011; Parinussa et al. 2012). Nonetheless, global scale applications
increasingly require global scale estimates of the skill of soil moisture data that isolated monitoring
networks cannot provide. For this reason, new evaluation techniques (see further) have been
proposed which circumvent the need for extensive ground-based soil moisture observations and can
be applied globally.

2.3.2 Comparison of other products
As the verification using ground based observations has its pros and cons (Section 2.3.1) and
is limited to very few land surface pixels only, other alternative approaches are necessary in order to
provide verification results at the global scale. A relatively simple alternative may be the direct
comparison to other (independent) products such as remotely sensed soil moisture products from
fundamentally different sources or land surface (re-analysis) models. Such products are generally
produced at similar spatial scales avoiding different spatial support related issues.
An example of such a comparison was presented in Parinussa et al. (2008) where microwave
based LST from various radiometers was compared to LST derived from Infrared observations from
the MODerate resolution Imaging Spectro-radiometer (MODIS) sensor. More particular, NASA’s Aqua
satellite carries the AMSR-E radiometer (Section 2.1) as well as the MODIS sensor providing
simultaneous observations and therefore avoiding inter-observational periods. The official MODIS
product is produced at a 1x1 km2 spatial resolution according to the generalized split window
technique (Wan and Dozier 1996). The temporal coverage of this product is affected by cloud cover
at the moment of satellite overpasses. In order to match the spatial support of both products, the
MODIS product was spatially aggregated to the resolution of the microwave product. A direct
comparison between these two products revealed a strikingly high correlation (R2=0.94) for the
entire analysis period, which even increased after the selection of the unclouded periods only. Figure
4 presents a scatterplot of LST observations centred on 3 ground stations in the Yanco study area,
located in the western part of the Murrumbidgee catchment in Australia.
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Figure 4. Scatterplot of temperature observations centred for 3 ground stations, top to bottom, and for 4 different product
combinations. These data are for the period October 31 to November 18 2006, and unclouded days November 2 and
November 12–15.

Another example of the use of additional global data products was presented in Dorigo et al.
(in review) where trends in the long term (1988-2010) remotely sensed global soil moisture product
were analyzed. This long term soil moisture product was recently developed Liu et al. (2012) using a
merging methodology (Wagner et al. 2012) to combine soil moisture product observed by several
satellite platforms, including soil moisture retrievals from both active- and passive microwave
observations. The most prominent trend patterns in this newly developed product were also found in
two re-analysis soil moisture products, the GLDAS-Noah and ERA Interim modelled soil moisture
products. Additional analysis of the GPCP precipitation dataset revealed similar results lending
confidence to the obtained results.

2.3.3 Rvalue method
The Rvalue method was introduced by Crow and Zhan (2007) in a response to overcome
practical difficulties associated with the evaluation of global products with the course spatial scale of
soil moisture retrievals. The Rvalue method is based on the obvious connection between rainfall and
subsequent changes in soil moisture. It uses relatively abundant rain gauge observations to indirectly
evaluate the accuracy of remotely sensed surface soil moisture. The Rvalue method is based on
calculating the Pearson correlation coefficient (Rvalue) between rainfall errors and Kalman filter
analysis increments realized during the assimilation of remotely sensed soil moisture products into
an Antecedent Precipitation Index (API). Typical Rvalue magnitudes range from about 0 to 0.7, where
higher Rvalue indicate high-quality soil moisture retrieval and increased efficiency in the filtering of
errors in the API predictions resulting from random error in Psat used to generate API. Such errors are
assumed known once the lower quality rainfall products (Psat), typically obtained from a NRT
precipitation dataset, is retrospectively corrected using rain gauge data, resulting in a substantially
higher quality precipitation dataset Pgauge (Huffman et al. 2007). Consequently, precipitation errors
can be explicitly calculated from the difference Psat−Pgauge, which can be linked to remotely sensed
soil moisture. The approach is based on the rationale that the correlation between random rainfall
errors and filter correction should increase as the accuracy of the assimilated soil moisture
measurements increases. Crow et al. (2010) adapted the Rvalue approach to run on anomaly basis
where precipitation and soil moisture have been decomposed into climatology and anomaly
components. For a general geophysical variable (A), this decomposition can be represented as (10):
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_

^

Ai = Ai − A DOY

Eqs 10)

_

where A DOY is the climatological expectation of a geophysical variable from the entire
analysis period, calculated using a 31-day moving window centred on a particular day of the year
^

(DOY), and Ai are anomalies relative to these expectations experienced on a particular day i. Prior to
the application of the Rvalue metrics, all soil moisture and precipitation inputs were decomposed into
anomalies following this equation. In the specific case for the precipitation observations (Psat and
Pgauge), an API anomaly is defined as:
Eqs 11)

^

^

^

API i = γ ⋅ API i −1 + P i

on a day i and γ is assumed equal to a globally constant value of 0.85. Analysis increments
are then obtained by assimilating soil moisture anomalies using a Rauch-Tung-Striebel smoother and
Rvalue is defined as the sampled correlation coefficient between 5-day moving averages of these
^

analysis increments and 5-day moving averages of error in P i . Crow et al. (2010) verified this
approach using three heavily instrumented watersheds located in the United States. Rvalue was
calculated for a number of different AMSR-E soil moisture products over each site and compared to
the correlation coefficient calculated between each product and extensive ground-based soil
moisture observations. Results from these comparisons demonstrated that Rvalue accurately captures
the anomaly correlation-based skill of soil moisture retrievals without reliance on ground-based soil
moisture observations. The adapted Rvalue method was used in this thesis and for more detailed
information on this method readers are directed to Crow et al. (2010) and Parinussa et al. (2011). As
an example of this method, the Rvalue as determined for the LPRM AMSR-E (descending) soil moisture
product is shown in Figure 5.

Figure 5. Example of the Rvalue method for the AMSR-E descending overpass, the analysis period was February 2003 till
December 2010. Red areas indicate high Rvalue outputs and blue areas indicate low Rvalue outputs.
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2.3.4 Triple Collocation
Triple Collocation (TC) is a powerful statistical tool for estimating the RMSE in a time series of
geophysical data by simultaneously solving for systematic differences in the climatology of a set of
three linearly related data sources with independent error structures. Stoffelen (1998) introduced
this verification technique in order to study error characteristics of wind vector data. Scipal et al.
(2008) were the first to apply this approach to soil moisture data, proposing it as a potential tool for
the validation of remotely sensed surface soil moisture retrievals. Miralles et al. (2010) used
remotely sensed-, land surface modelled- and in situ soil moisture to estimate the magnitude of
point-to-footprint up-scaling error for ground-based surface soil moisture observations. Dorigo et al.
(2010) used remotely sensed soil moisture from two different (active and passive) satellite platforms
and re-analysis soil moisture as the third independent data product, to rank the different satellite
observed soil moisture products. Both papers used several combinations (different re-analysis or
modelled data) for the third independent data product, and showed that the error estimates are only
marginally influenced by the choice of this third dataset.
In this thesis (Chapter 6) we aim to examine the relative quality of soil moisture products
generated by the LPRM. For this reason, two soil moisture data sources (API calculated from Pgauge
and ASCAT, Section 4.2.2) are fixed, while the other product (soil moisture from the LPRM) is
evaluated for varying scenarios. All the soil moisture data sets (i.e. θASCAT, θAPI, and various scenarios
of θLPRM) are decomposed into anomalies using equation (10) and we chose θ̂ ASCAT as the reference
data set. Since the truth is unknown, we arbitrarily chose this dataset as the reference, which will not
affect subsequent conclusions in the application presented here. Nevertheless, all subsequent RMSE
values will be expressed in the dynamic range of this reference. Following Stoffelen (1998), Scipal et
al. (2008) showed that a consequence of the unknown truth is that only two of the three calibration
factors can be determined leading to equation (12) and (13):
^
^

 θ ASCAT ⋅ θ LPRM 
θ API = θ API ⋅  ^

^
 θ LPRM ⋅ θ API 


^
^

^*
^
 θ ASCAT ⋅ θ API 
θ LPRM = θ LPRM ⋅  ^

^
 θ API ⋅ θ LPRM 


^*

Eqs 12)

Eqs 13)

^

Following this decomposition equation (10) and scaling equation (12) and (13), the RMSE of
anomalies in θ̂ LPRM can be estimated as:
Eqs 14)

RMSE (θˆLPRM ) =

(θˆ

*
LPRM

)(

*
*
− θˆASCAT θˆLPRM
− θˆAPI

)

where the outside angled brackets indicate temporal averaging. The accuracy of equation
(14) relies on two key theoretical prerequisites of TC being met. First, TC requires a sufficiently large
sample (>100) of common observations available for temporal averaging. Second, the most
important, TC requires that errors in each of three data sets are substantially uncorrelated. The latter
prerequisite is difficult to fulfil (Scipal et al. 2008; Dorigo et al. 2010; Miralles et al. 2010) for soil
moisture estimates obtained from complex land surface models and re-analysis systems since such
approaches tend to integrate information from a wide, variety of sources. As a result, here we follow
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Crow and van den Berg (2010) and apply TC to soil moisture estimates obtained from a simple API
modelling approach driven only by TMPA precipitation products (Pgauge). Miralles et al. (2010)
examined the impact of replacing soil moisture estimates from a highly complex land surface model
with a simple API dataset and found that both choices lead to essentially similar TC results.
Additionally, the use of a simple API model, instead of a re-analysis soil moisture product, for the
third independent product minimizes possible cross-correlation when replacing Ka-band LST by
MERRA re-analysis LST data (Chapter 6). Finally, the proposed model will only result in meaningful
error estimates if the three data sets represent the same physical quantity. If one of the products
does not represent the same quantity as the other two, then TC would naturally result in unrealistic
error estimates for all products (more unrealistic for the non-representative data than other two),
owing to the re-scaling process described above in Eqs. (12-13).
TC analysis is known to give highly spurious results when applied to low-accuracy data sets
and some type of pre-processing is typically done to mask out such areas with poor remotely sensing
results. For example Scipal et al. (2008) masked out highly-vegetated and desert areas where nonsignificant correlation coefficients were sampled between the collocated data sets. In this paper we
aim to evaluate soil moisture retrievals over the widest possible range and a pre-selection procedure
will eliminate some regions completely. Therefore, we did not apply any correlation coefficient and
masked out areas with clearly non-physical TC RMSE estimates (i.e. estimated RMSE>100 in the
ASCAT soil moisture index climatology). This relatively permissive threshold allows us to evaluate soil
moisture retrievals over the widest possible range. As an example, the application of TC to the LPRM
AMSR-E (descending) soil moisture retrievals product is shown in Figure 6.

Figure 6. RMSE calculated by the TC method for the AMSR-E descending overpass, the analysis period was January 2007 till
September 2010. Blue areas indicate low TC outputs and red areas indicate high TC outputs.

2.3.5 Unsaturated zone modelling
In a recent study unsaturated zone modelling was proposed as a valuable tool for the
validation of large-scale remotely sensed soil moisture products (Wanders et al. 2012). The
stochastic, distributed unsaturated zone model (SWAP) is flexible in its spatial support, and could
therefore bridge the gap between the different support of in situ and remotely sensed soil moisture
products. The SWAP model simulates flow processes by using various physically based approaches
such as the Richards equation (Richards 1931), the Van Genuchten relations (van Genuchten 1980)
and the Penman-Monteith (Allen et al 2006) approach to solve (potential) evapotranspiration, and
requires meteorological forcing data as well as satellite observations such as LAI. A comparison
between point observations and the SWAP model was performed to enhance understanding of the
model and to assure that this model could be used with confidence for several locations in Spain.
This country was chosen because of the presence of the Remedhus soil moisture network (Section
2.3.1) and the availability of a high number of meteorological stations distributed throughout the
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country used to determine the (potential) evapotranspiration. Wanders et al. (2012) ran the SWAP
model at hourly time-steps using 28 vertical layers as a representation of the upper 1.5 meters of the
soil surface. The SWAP model outcomes were compared to ground based observations and several
remotely sensed soil moisture products (i.e. ASCAT, AMSR-E and SMOS) showing the great potential
of unsaturated zone modelling for the validation of large-scale soil moisture products.
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3 Soil moisture retrievals from the
polarimetric microwave radiometer

WindSat

space-borne

An existing methodology to derive surface soil moisture from passive microwave satellite
observations is applied to the WindSat multi-frequency polarimetric microwave radiometer. The
methodology is a radiative-transfer-based model that has successfully been applied to a series of
(historical) satellite sensors, including the AMSR-E radiometer. Brightness temperature observations
from the WindSat and the AMSR-E radiometer were compared, and the WindSat observations were
adjusted to overcome small sensor differences (e.g., frequency, bandwidth, incidence angle, and
original sensor calibration procedure). The method to relate Ka-band brightness temperature
observations to LST was adapted to the overpass times of WindSat. Statistical analysis with both
satellite-observed and in situ soil moistures indicate that the quality of the newly derived WindSat soil
moisture product is similar to that obtained with AMSR-E after the adjustment of the WindSat
brightness temperature observations. The average correlation coefficients (R) between satellite soil
moisture and in situ observations are similar for the two satellites with average values of R=0.60 for
WindSat and R=0.62 for AMSR-E as calculated from 33 sites. On a global scale, the average
correlation coefficient between the two satellite soil moisture products is high with a value of R=0.83.
The results of this study demonstrate that soil moisture from WindSat is consistent with existing soil
moisture products derived from AMSR-E using the LPRM. Therefore, the soil moisture retrievals from
these two satellites could be combined to increase the temporal resolution of satellite-derived soil
moisture observations.

This chapter is an edited version of: Parinussa, RM, Holmes, TRH, de Jeu, RAM. 2012. Soil
Moisture Retrievals from the WindSat Space-borne Polarimetric Microwave Radiometer. IEEE TGRS
50(7), 2683-2694.

3.1 Introduction
Soil moisture has recently been endorsed as an essential climate variable (GCOS 2010). One of
the recommended activities in the IPCC Fourth Assessment Report was to make best use of existing
soil moisture observations. Soil moisture retrievals from different satellite platforms may increase
the temporal resolution and may be combined directly when retrieved in a consistent way. A variety
of satellite passive microwave radiometers have been observing the Earth’s surface from the late
1970s onward. Low-frequency (L-, C-, X-, and Ku-bands) passive microwave observations are used for
the retrieval of surface soil moisture. (Owe et al. 2001) detailed a methodology to retrieve soil
moisture from microwave observations, the LPRM, and has been applied to different satellite
sensors, including SMMR, SSM/I, TRMM and AMSR-E (Owe et al. 2008). The combination of the soil
moisture retrievals from this series of satellites has already created a multi-decadal record of satellite
soil moisture (Liu et al. 2011). The additional use of the WindSat satellite in this context would
increase the temporal resolution of this record and would create the opportunity to study diurnal
variations of soil moisture at a global scale. The aim of this study is therefore to integrate the
WindSat satellite within the LPRM satellite soil moisture framework.
Brightness temperatures were observed by AMSR-E in horizontal and vertical polarizations at
six frequencies, of which three (C-, X- and Ka-bands) are relevant for soil moisture retrievals using the
LPRM. The design of the WindSat multi-frequency polarimetric microwave radiometer on board the
Coriolis satellite, launched on the 6th of January 2003, is based on AMSR-E but has some small
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changes in configuration (Table 1). WindSat is developed by the NRL for the U.S. Navy and the
NPOESS Integrated Program. It was originally designed to demonstrate the capability of polarimetric
microwave radiometers to measure the ocean surface wind vector from space. Additionally, WindSat
observations can be used to retrieve other environmental variables such as sea surface temperature,
total perceptible water, and integrated cloud liquid water. WindSat observations over land can be
used to retrieve land surface variables like LST, vegetation density and soil moisture.
Li et al. (2010) developed a physically based land algorithm using WindSat passive microwave
observations at X-, K-, and Ka-bands to retrieve global soil moisture, vegetation water content and
LST simultaneously. RFI in C-band observations is severe over the U.S., Japan, India and the Middle
East region and somewhat sparser over Europe, therefore Li et al. (2010) did not use these
observations. This paper describes an approach to derive surface soil moisture from WindSat using Cor X-band brightness temperature observations according to LPRM, with special emphasis on
consistency with the LPRM soil moisture retrieval method applied to AMSR-E data. In contrast with
the algorithm developed by Li et al. (2010), the LPRM includes C-band observations since this
frequency channel has the highest sensitivity to soil moisture (Crow et al. 2010; Dorigo et al. 2010;
Parinussa et al. 2011) on the AMSR-E and WindSat platforms. As routinely done for AMSR-E
observations, in areas where the C-band observations are contaminated by RFI, we used the
somewhat higher X-band frequency.
LPRM retrieves surface soil temperature offline and uses a forward modelling optimization
procedure to solve a radiative transfer equation for both soil moisture and VOD (Meesters et al.
2005). A previously published method to derive LST from Ka-band (Holmes et al. 2009) was combined
with a simplified temperature profile model to determine suitable linear relationships between Kaband and the temperature input for the WindSat and AMSR-E retrievals. To validate the retrieved soil
moisture, in situ observations and satellite-derived soil moisture were compared for several soil
moisture networks in Europe and Australia. In addition, a global comparison between soil moisture
products retrieved from AMSR-E and WindSat was executed.

3.2 Materials and methods
3.2.1 Relevant characteristics of passive microwave observations
The design of the WindSat sensor is based on AMSR-E with small changes in specifications
(e.g., frequency, bandwidth, and incidence angle). The orbit characteristics of the two satellites (e.g.,
equator overpass time and altitude) differ as well and additional differences in the brightness
temperature observations may occur due to differences in the original calibration procedures of both
radiometers (e.g., satellite manoeuvres and cold or warm load). AMSR-E has fixed incidence angles
for all frequencies, while for WindSat the incidence angle changes for each frequency. The resulting
difference is largest for the X-band frequency (5.1°), this is 2° for the Ka-band frequency and 1.5° for
the C-band frequency. The difference in centre frequency is largest for Ka-band (0.5 GHz), while it is
only 0.125 GHz for C-band and it is 0.05 GHz for X-band; also, the bandwidth changes for each
frequency. Table 1 provides the relevant information on both sensors.
Differences in the daily global coverage and footprint sizes are the result of the different
altitudes of the satellite platform in combination with different incidence angles and swath widths of
the microwave sensors. AMSR-E provides a nearly daily global coverage exceeding the 45° latitude,
while mid-latitudes experience about 80% coverage daily. The smaller swath width for WindSat leads
to a reduced daily Earth coverage of approximately 33%. The most obvious difference between the
satellites is the different Equator overpass times. For AMSR-E, the local equator overpass times are
1:30 AM (descending orbit) and 1:30 PM (ascending orbit). The local equator overpass times for
WindSat are 6:00 AM (descending orbit) and 6:00 PM (ascending orbit), so for both satellites the
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ascending orbit is during daytime (evening) and the descending orbit is during night-time (morning).
For this research, AMSR-E and WindSat brightness temperature observations are separated in dayand night-time observations; all swath data were re-sampled to a 0.25° global grid. For AMSR-E, only
the night-time observations are used, as it was shown (de Jeu et al. 2008) that soil moisture retrievals
based on these are more reliable than those based on day-time observations. For WindSat, both dayand night-time observations are considered in this study. NSIDC (NSIDC 2006) provides more detailed
specifications on AMSR-E; for more detailed specifications on Coriolis WindSat, readers are directed
to Gaiser et al. (2004).
The TRMM Microwave Imager is a nine-channel radiometer and was launched in November
1997. Unlike the polar orbiting Aqua and Coriolis satellites, TRMM is in a (near) equatorial orbit. The
satellite orbit is in a constant plane relative to the sun, with about 16 orbits per day covering the
latitudes between 38° north and south. As a result of these differing orbit characteristics, the TRMMTMI swaths overlap with those of AMSR-E and WindSat, resulting in a set of concurrent observations
for each day. TRMM lacks observations in the C-band frequency; therefore, observations from TRMM
relevant to this study are in the X and Ka-band frequencies. The specifications for the TRMM sensor
are provided in Table 1 and for more detailed information on this sensor readers are directed to
Wentz et al. (2001).

3.2.2 Soil temperature algorithm
In addition to the adjustment of the brightness temperatures (Section 3.3), an extension of
the soil temperature algorithm to the overpass times of WindSat is necessary. The soil temperature
input to the LPRM consists of a linear relation of the Ka-band brightness temperature to estimate the
LST input for soil moisture retrievals. The relationship between Ka-band and the skin temperature
was established in Holmes et al. (2009) but for microwave soil moisture retrievals, the temperature
at a depth of approximately 1-2 cm below the surface is necessary. The relations between the LST
estimates for the WindSat radiometer were determined after synchronizing the WindSat Ka-band
observations with AMSR-E Ka-band observations (Section 3.3). For C- and X-band, the soil
temperature at approximately 1-2 cm is assumed to be a good estimate of the temperature
necessary for the soil moisture retrieval. Since the diurnal cycle of heating and cooling results in
temperature gradients that change during the day, the relationship between the skin temperature
and the deeper soil temperature is not constant. For this reason, a separate relationship between
skin temperature and 1-2 cm soil temperature is used for each of the observation times of AMSR-E
(1:30 AM) and WindSat (6:00 AM and 6:00 PM). The method is calibrated on ground sites in
Oklahoma (USA) with biome types ranging from bare soil to grassland. The following relations and
statistics, correlation coefficient (R) and standard error (SE), were found:
Eqs 15) AMSR-E descending:

LST = 0.94 * TKa[V ] + 30.8 [K]

R=0.94

SE=2.79 [K]

Eqs 16) WindSat descending:

LST = 0.92 * TKa[V ] + 37.0 [K]

R=0.94

SE=2.70 [K]

Eqs 17) WindSat ascending:

LST = 0.96 * TKa[V ] + 24.4 [K]

R=0.96

SE=2.68 [K]

The uncertainty associated with these relationships depends on the time of day, with the
highest uncertainty around the peak temperatures when the temperature gradients are largest. In
the morning and evening, the gradients are smallest, resulting in the most favourable conditions for
the retrievals (de Jeu et al. 2008). For this reason, we focus on the night-time AMSR-E observations
and both the morning and evening overpasses of WindSat in this study. This leads to a reduced revisit
interval of approximately two days, depending on the latitude for both AMSR-E and WindSat.
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3.3 Comparing and adjusting satellite observations
Although AMSR-E and WindSat are similar sensors, small differences in brightness
temperature observations occur because of the small differences in sensor specifications. Also, the
original calibration procedures of both sensors are slightly different (e.g., satellite manoeuvres and
cold or warm load). Some differences (frequency and incidence angle) are accounted for in the
retrieval algorithm, but others (artefacts due to differences in the original sensor calibration) will
result in inconstancy between LPRM implementations. To overcome these differences and to
develop a consistent output of the LPRM, brightness temperature observations were compared and
an approach to synchronize these satellite observations is presented hereinafter. Previous intersatellite radiometer calibrations between microwave radiometers have originated from the oceanic
community, e.g., Hong et al. (2009) tested two approaches to relate brightness temperatures
observed by TRMM and WindSat. Terrestrial brightness temperatures are in a significantly different
range than oceanic brightness temperatures, making those results not necessarily transferable.
Moreover, in this study, we aim to include the lowest frequency of WindSat (C-band) since this
channel has the most sensitivity to soil moisture.
Concurrent brightness temperature observations (the same observation area at the same
observation time) between the three satellite platforms occur on a regular basis. AMSR-E and
WindSat brightness temperature observations can be compared directly with each other when this
overlap occurs. Because of the 4.5 hours difference in equator overpass times between both satellite
platforms, concurrent observations occur only at high and low latitudes. Unfortunately, the generally
low temperatures at those latitudes result in a limited dynamic range in brightness temperatures
compared to the range in which the soil moisture retrievals are applied. For this reason, a second
approach is preferred that uses the TRMM as a transfer standard between AMSR-E and WindSat
observations. TRMM overlaps with both AMSR-E and WindSat in the region between 38° north and
38° south, resulting in a large set of brightness temperature pairs that cover the entire range from
cold to warm temperatures as found over land. Because TRMM lacks a C-band radiometer, the
procedure for C-band brightness temperature observations differs from the procedure for X- and Kaband observation. For the observations in the C-band frequency, AMSR-E and WindSat observations
are compared directly to each other; for the X- and Ka-band observations, TRMM is used as a
transition standard. Brightness temperatures from AMSR-E, WindSat and TRMM for the years 2004
and 2005 were gridded into 0.25° global maps (per swath). Concurrent brightness temperature
observations (the same observation area on the same observation time) were selected and plotted in
Figure 7 (Δ) for AMSR-E and WindSat directly (C-band) and for AMSR-E and WindSat using TRMM as a
transition platform (X- and Ka-bands).
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Figure 7: Comparing and adjusting brightness temperature observations. Δ are the concurrent brightness temperatures
observations as observed by the satellite platforms, o are the modelled AMSR-E brightness temperatures according to the
same surface variables but at the sensor specifications of WindSat

In order to isolate differences as a result of the original sensor calibration procedures, the
brightness temperatures at the frequency and incidence angle of the nearest WindSat channel are
modelled for each AMSR-E channel, based on the retrieved dielectric constant (related to soil
moisture) and transmissivity as derived at native specifications. Therefore, for C-band, we used
AMSR-E brightness temperature observations to adjust WindSat brightness temperature
observations. From each selected pair, we retrieved the dielectric constant (related to soil moisture)
and transmissivity from AMSR-E and modelled the brightness temperatures according to the same
surface variables but at the sensor specifications of WindSat (o and abbreviated as AMSR-E* in Figure
7). The resulting regression line between the WindSat brightness temperature observations and
AMSR-E* represents differences due to the original sensor calibration procedures. For X- and Kaband observations, the same procedure was repeated between TRMM versus WindSat and TRMM
versus AMSR-E, resulting in a final relation between WindSat and AMSR-E for X- and Ka-band
observations. Because the selected C-band observations have a limited dynamic range above freezing
point, the LPRM was extended for frozen conditions by setting the dielectric constant to a fixed value
of five. Even though the modelling under frozen conditions results in a higher uncertainty, the linear
regression line for C-band observations was used to relate brightness temperatures in the higher
dynamic range. It was chosen to adjust the brightness temperature observations from the WindSat
radiometer to make them in line with observations from the AMSR-E radiometer, because soil
moisture retrievals are routinely applied to AMSR-E observations.

3.4 Results and discussion
To evaluate the performance of soil moisture derived from the LPRM using the adjusted
WindSat brightness temperatures, we compared the satellite soil moisture retrievals to in situ soil
moisture monitored at 33 ground stations. To show the impact of the adjustments of the WindSat
brightness temperatures, we also evaluated the performance without these adjustments. Time series
of AMSR-E and WindSat satellite-derived soil moistures were extracted at the OzNet, Remedhus, and
SmosMania networks (note that some grid cells contain multiple in situ soil moisture ground
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stations). The following selection procedure for the satellite soil moisture retrievals was used. If there
was an AMSR-E soil moisture retrieval on a specific day, the WindSat descending soil moisture
retrieval on the same day and/or WindSat ascending soil moisture retrieval of the previous day was
selected depending on the availability. If both WindSat soil moisture retrievals were absent, the
AMSR-E soil moisture retrieval was removed from the time series. In situ ground station time series
were linearly interpolated to be able to compare in situ soil moisture data with satellite derived soil
moisture data. The results of these comparisons are shown in Table 2, where R is the correlation
coefficient, SE is the standard error of estimation (8), Bias is the calculated bias (satellite soil
moisture minus in situ soil moisture) and ubRMSE is the biased removed Root Mean Square Error (9)
between the two products. The parameter n represents the amount of satellite-derived soil moisture
observations from each individual satellite in the specific time period (one year for the SmosMania
network and two years for the OzNet and Remedhus networks) without applying the selection
procedure.
The SE is a performance metric that represents the random error and is insensitive for
deviations in the dynamics and biases of the evaluated products. For this reason, the SE indicates the
lowest attainable error level when all systematic differences are removed. The ubRMSE is a
performance metric quadratically penalizing for deviations of the estimate with respect to true (in
situ) soil moisture (Entekhabi et al. 2010). The removal of the mean bias reduces these deviations,
but seasonally varying biases may still impact this performance metric. Also, deviating dynamics
(amplitude) between the evaluated products are penalized quadratically in the ubRMSE (Entekhabi
et al. 2010). Deviating dynamics could result from the different soil layers that both soil moisture
products are essentially observing. For the satellite-derived soil moisture product, the observation
depth was approximately 1–2 cm, and the in situ observations were taken at 5 cm. Moreover, in situ
and satellite soil moisture observations contain random errors, which are unique for each data set
and their levels may vary (spatial and/or temporal). Recently, a method has been developed to
estimate the random error in soil moisture retrievals from the LPRM (Parinussa et al. 2011); the
results of that study indicate increasing random error levels with increasing vegetation cover, with
minimum levels of 3% for bare to sparsely vegetated areas. Generally, the random error level for in
situ soil moisture observations is low, but several issues may lead to discrepancies when comparing
point-scale observations (in situ) to the large-scale (0.25°) average satellite soil moisture value. For
example, in case the location of the in situ measurement is not a good representation for the larger
pixel, both sets could have systematic differences, particularly in dynamic range and bias.
To demonstrate the added value of adjusting the WindSat brightness temperatures, the
improvements of the correlation coefficient for the three soil moisture networks were calculated.
The average correlation coefficient over the OzNet soil moisture network improved from 0.62 to
0.69, this was from 0.54 to 0.58 over the Remedhus soil moisture network, and the correlation
coefficient improved from 0.35 to 0.51 over the SmosMania soil moisture networks. Averaged over
all 33 evaluated sites, adjusting the WindSat brightness temperatures improved the correlation
coefficient from 0.52 to 0.60. Moreover, for the adjusted WindSat observations, it was shown that, at
the OzNet soil moisture network, WindSat soil moisture performs slightly better (R=0.69) than AMSRE soil moisture (R=0.67). For the Remedhus and SmosMania soil moisture networks, it was shown
that AMSR-E (e.g., R=0.63 and R=0.53) performs slightly better than WindSat (e.g., R=0.58 and
R=0.51). In general, every statistical value between WindSat retrievals and in situ observations
improves after adjusting the WindSat brightness temperatures, also, differences in statistical values
of AMSR-E and adjusted WindSat are small.
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Station Number, ID & Name
1) M1 – Cooma Airfield
2) M3 – Cootamundra
3) M4 – Wyalong Airfield
4) M5 – Balranald Park
5) M6 – Hay AWS
6) M7 – Griffith Aerodrome
7) A1 – Keenan
8) A3 – Weeroona
9) A4 – Rochedale
10) A5 – Crawford
11) K1 – Waitara
12) K2 – Kyemba Downs
13) K4 – Ginninderra I
14) Y3 – Yanco Station
Mean statistics
15) H13 – Las Bodegas
16) Q08 – Carramedina
17) N09 – Concejo del Monte
18) K10 – Carretoro
19) K04 – Las Victorias
20) I06 – El Coto
21) L07 – L. de la Boveda
22) M09 – La Cruz de Elias
23) F06 – Las Arenas
Mean statistics
24) CRD – Creon d’Armagnac
25) CDM – Condom
26) PRG – Peyrusse Grande
27) URG – Urgons
28) LHS – Lahas
29) SVN – Savenes
30) MNT – Montaut
31) SFL – S.F. de Lauragias
32) MTM – Mouthourmet
33) LZC – Lezignan Corbieres
Mean statistics

Latitude

Longitude

-36.29
-34.63
-33.94
-34.66
-34.55
-34.25
-35.50
-35.40
-35.37
-35.36
-35.49
-35.44
-35.43
-34.62

148.97
148.04
147.20
143.55
144.87
146.07
148.11
148.10
148.07
148.09
147.53
147.53
147.60
146.42

41.18
41.31
41.30
41.35
41.43
41.38
41.36
41.29
41.37

-5.48
-5.16
-5.25
-5.22
-5.37
-5.43
-5.33
-5.30
-5.55

43.99
43.97
43.67
43.64
43.55
43.83
43.19
43.44
42.96
43.17

-0.05
0.34
0.22
-0.44
0.89
1.18
1.64
1.88
2.53
2.73

R
0.74
0.89
0.85
0.69
0.54
0.64
0.67
0.68
0.73
0.61
0.57
0.60
0.49
0.73
0.67
0.69
0.35
0.70
0.69
0.35
0.67
0.76
0.73
0.70
0.63
0.59
0.67
0.44
0.44
0.58
0.47
0.33
0.61
0.56
0.59
0.53

SE [%]
2.03
1.58
2.80
2.01
2.43
1.97
3.05
4.32
1.82
3.59
4.05
5.02
4.75
2.77
3.01
3.04
6.87
6.15
2.88
3.73
1.39
6.01
3.85
4.55
4.27
4.12
6.11
5.43
10.33
6.53
8.17
5.85
5.42
3.24
5.92
6.11

AMSR-E vs in situ
Bias [%] ubRMSE[%]
6.57
10.08
-4.61
4.46
-5.88
5.09
-1.81
7.24
-1.69
7.24
-2.85
6.77
-0.69
10.35
-3.20
9.78
1.44
10.86
1.12
10.55
-7.14
7.62
-6.44
7.49
-11.77
8.13
-1.89
5.93
-2.77
7.97
11.45
8.87
1.73
10.43
-2.47
7.57
16.80
8.19
19.13
10.07
20.90
9.62
0.52
7.11
5.39
7.69
7.08
8.39
8.95
8.66
33.65
9.37
9.19
7.04
17.81
9.64
4.11
11.84
6.17
7.86
7.35
11.17
2.90
13.89
12.48
8.70
20.29
6.20
29.40
7.11
14.34
9.28

n
680
711
717
716
715
717
577
577
577
577
697
697
697
717
669
513
512
512
512
515
515
515
515
519
514
153
267
193
170
276
269
162
274
135
126
203

R
0.55
0.82
0.80
0.66
0.58
0.63
0.79
0.53
0.62
0.56
0.41
0.64
0.49
0.69
0.62
0.55
0.34
0.65
0.59
0.34
0.53
0.67
0.62
0.60
0.54
0.26
0.43
0.27
0.23
0.44
0.47
0.33
0.56
0.28
0.25
0.35

Original WindSat vs in situ
SE [%]
Bias [%] ubRMSE[%]
2.56
29.87
12.42
2.00
5.38
8.53
3.06
0.38
6.51
2.10
7.53
5.97
2.29
4.73
7.75
1.92
4.91
6.47
2.58
27.82
14.68
4.61
26.04
15.85
1.99
29.53
16.49
3.61
30.05
15.73
4.46
10.62
13.00
4.73
11.36
11.32
4.69
5.91
12.48
2.92
6.04
6.08
3.11
14.30
10.94
3.66
22.92
8.72
6.78
11.98
9.58
6.42
7.25
7.44
3.30
26.92
7.58
4.07
29.50
9.23
1.58
31.40
8.89
6.71
10.26
7.64
4.39
15.45
7.66
4.98
17.64
8.29
4.66
19.26
8.34
5.17
62.09
15.18
7.38
33.12
10.35
6.49
41.54
14.10
14.87
34.21
19.00
7.12
29.57
10.58
8.07
31.81
10.43
7.09
38.96
13.74
5.57
38.86
9.54
3.57
49.71
12.47
6.33
58.05
11.10
7.17
41.79
12.65

R
0.70
0.89
0.83
0.62
0.47
0.62
0.68
0.74
0.78
0.66
0.67
0.71
0.58
0.69
0.69
0.56
0.39
0.63
0.67
0.31
0.64
0.70
0.69
0.67
0.58
0.63
0.57
0.47
0.64
0.46
0.49
0.46
0.48
0.41
0.46
0.51

Adjusted WindSat vs in situ
SE [%]
Bias [%] ubRMSE[%]
2.16
-1.80
8.63
1.56
-4.95
3.81
2.84
-7.67
4.19
2.19
-4.47
6.67
2.47
-3.05
6.61
1.94
-5.37
5.69
2.96
-6.37
7.47
3.73
-8.47
6.62
1.60
-3.80
7.95
3.28
-4.36
7.49
3.67
-9.25
5.63
4.37
-8.46
5.42
4.45
-13.92
6.28
2.92
-5.09
5.12
2.87
-6.22
6.26
3.58
4.43
10.00
6.63
-5.26
10.87
6.64
-9.84
9.02
3.05
9.72
9.24
4.08
11.46
11.17
1.45
13.36
10.63
6.50
-7.56
8.39
4.08
-2.47
8.86
4.68
-1.38
9.10
4.52
1.39
9.70
4.19
12.30
11.90
6.73
-5.78
10.11
5.86
-1.65
11.82
11.23
-14.76
12.20
7.04
-5.76
10.71
7.97
-0.29
10.44
6.54
-10.50
11.26
5.93
0.47
10.17
3.38
12.06
8.93
5.83
21.26
8.67
6.47
0.73
10.62

R=Correlation coefficient; SE=Standard error of estimation [%]; Bias=Mean bias [%]; ubRMSE=Biased removed root mean square error [%]; n= Amount of observation without selection
Table 2: Statistics comparing satellite derived soil moisture products with in situ soil moisture

n
397
409
409
418
416
414
371
371
371
371
406
406
406
415
399
429
432
432
432
430
430
430
430
436
431
171
209
198
175
215
218
174
213
195
215
198

The results of the comparisons between the two satellite soil moisture retrievals are shown in
Table 3. It is shown that AMSR-E and adjusted WindSat soil moisture observations on common days
are highly correlated. Part of the different statistics may be explained by the 4.5 hours difference in
observation time. It is important to realize that significant changes in surface moisture may occur
during these inter-observation periods in case of rain events.
Station Number, ID & Name
1) M1 – Cooma Airfield
2) M3 – Cootamundra
3) M4 – Wyalong Airfield
4) M5 – Balranald Park
5) M6 – Hay AWS
6) M7 – Griffith Aerodrome
7) A1 – Keenan
8) A3 – Weeroona
9) A4 – Rochedale
10) A5 – Crawford
11) K1 – Waitara
12) K2 – Kyemba Downs
13) K4 – Ginninderra I
14) Y3 – Yanco Station
Mean statistics
15) H13 – Las Bodegas
16) Q08 – Carramedina
17) N09 – Concejo del Monte
18) K10 – Carretoro
19) K04 – Las Victorias
20) I06 – El Coto
21) L07 – L. de la Boveda
22) M09 – La Cruz de Elias
23) F06 – Las Arenas
Mean statistics
24) CRD – Creon d’Armagnac
25) CDM – Condom
26) PRG – Peyrusse Grande
27) URG – Urgons
28) LHS – Lahas
29) SVN – Savenes
30) MNT – Montaut
31) SFL – S.F. de Lauragias
32) MTM – Mouthourmet
33) LZC – Lezignan Corbieres
Mean statistics

AMSR-E LPRM vs adjusted WindSat LPRM
R
SE [%]
Bias [%]
ubRMSE [%]
0.88
5.60
5.03
5.62
0.87
3.70
0.74
3.68
0.95
2.73
0.76
2.72
0.89
3.98
0.79
4.13
0.86
4.39
0.16
4.53
0.90
3.46
1.28
3.46
0.87
6.20
3.33
6.16
0.87
6.20
3.33
6.16
0.87
6.20
3.33
6.16
0.87
6.20
3.33
6.16
0.83
5.16
1.47
5.13
0.83
5.16
1.47
5.13
0.83
5.16
1.47
5.13
0.90
3.46
1.82
3.46
0.87
4.83
2.02
4.83
0.96
3.02
2.95
3.00
0.96
2.76
3.08
2.74
0.96
2.76
3.08
2.74
0.96
2.76
3.08
2.74
0.97
2.81
3.43
2.80
0.97
2.81
3.43
2.80
0.97
2.81
3.43
2.80
0.97
2.81
3.43
2.80
0.97
2.88
4.03
2.86
0.97
2.82
3.33
2.81
0.87
5.38
10.82
5.43
0.91
4.11
7.48
4.08
0.92
4.70
10.59
4.76
0.86
5.77
12.35
5.76
0.88
4.60
4.79
4.58
0.76
8.74
1.06
8.90
0.75
9.63
3.81
9.59
0.87
5.68
3.73
5.69
0.44
5.89
-1.69
6.84
0.69
6.00
0.95
6.69
0.80
6.05
5.39
6.23

R=Correlation coefficient; SE=Standard error of estimation [%]; Bias=Mean bias [%];
ubRMSE=Biased removed root mean square error [%];
Table 3: Statistics comparing satellite derived soil moisture products

For the year 2006, a global comparison between AMSR-E and adjusted WindSat soil moistures
was performed. The selection procedure was identical to the procedure described earlier, and in
areas affected by RFI (the U.S., Japan, India, and the Middle East region) we switched to the higher Xband frequency. For each individual land pixel, a time series for both soil moisture products was
extracted and the correlation coefficient (R), as well as the Bias, was calculated. Densely vegetated
areas were masked, these areas were determined according to the simultaneously derived VOD and
the boundaries as described earlier were used to determine these areas.

Figure 8: Global map of correlation coefficient between AMSR-E and WindSat, after adjusting the brightness temperature
observations, as derived with LPRM for the year 2006

The majority of the data set shows a high correlation (Figure 8), and the global average
correlation coefficient is R=0.83 (σ = 0.14). Different vegetation classes were selected (Figure 9)
based on the simultaneously derived satellite VOD (de Jeu et al. 2008). Densely vegetated regions
(τv=0.6−0.8) show the lowest correlation (on average R=0.76). Densely vegetated regions show lower
correlation because the soil moisture signal becomes increasingly attenuated with increasing
vegetation density. In moderately vegetated regions (τv=0.4−0.6), the correlation increases (on
average R = 0.82) and in sparsely vegetated (τv=0.1−0.4) and desert (τv<0.1) regions, the average
correlation is high (R=0.87 for both).
(a)

(b)

Figure 9: Histogram of correlation coefficient (R) between AMSR-E and WindSat soil moisture for four different vegetation
classes (a) and its spatial distribution (b)
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The global average bias (Figure 10a) between AMSR-E and WindSat soil moistures is more
difficult to interpret since this bias could be a result of multiple processes. Also, care should be taken
into the interpretation of the specific numbers, because the overall bias is generally around the
range of the random error of the soil moisture retrievals (Parinussa et al. 2011). One clear feature is
that, at high latitudes, the AMSR-E soil moisture is on average much higher than values retrieved
from adjusted WindSat (Figure 10a). If it is assumed that our approach has removed all systematic
differences between the sensors, those differences may indicate that the time-dependent soil
temperature relationships as determined over low vegetation (Section 3.2.2) are a poor estimate
over denser vegetation found at high latitudes. None of the in situ stations presented in Table 2 are
located at these high latitudes, but the network in France represents an area with relatively high
vegetation. The average bias between the in situ observations and AMSR-E soil moisture retrievals
for this network was shown to be 14.3%, while for the adjusted WindSat soil moisture product this
was only 0.7% (Table 2). For this reason, it may be that the soil moisture retrievals from adjusted
WindSat are actually closer to the true soil moisture levels. In addition, the bias was calculated for
the WindSat 6:00 AM and WindSat 6:00 PM products (Figure 10b) which serve to demonstrate the
change in soil moisture retrievals over the course of the day. This bias shows exclusively positive
values, with an average of 8%; this number would suggest that there is on average a large dry-down
during the day. However, since in this case too, there is an apparent relation with vegetation density,
this may also indicate that the time-dependent soil temperature relationships as determined over
low vegetation are not a good estimate over denser vegetation found at these high latitudes.
Uncertainties in temperature and vegetation properties need to be reduced in order to be able to
quantify the effects of complex night-time dew (Hornbuckle et al. 2009) and evaporation processes
(Miralles et al. 2011) between observations based on these soil moisture products.
(a)

(b)

Figure 10: Global average bias [%] between AMSR-E and adjusted WindSat LPRM descending (a) and between adjusted
WindSat at 6.00 AM and 6.00 PM (b) for the year 2006
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Generally, systematic differences (biases) will not affect applications using remotely sensed
soil moisture as an input since the majority of the models and/or data assimilation techniques use
the temporal variation (R) rather than absolute soil moisture values (Entekhabi et al. 2010). The
models and/or data assimilation techniques generally decompose remotely sensed soil moisture into
its (multi-year) climatological expectation and anomaly components, as was shown in Entekhabi et al.
(2010) and Crow et al. (2010). To show the benefits of the increased temporal resolution as may be
obtained by combining WindSat and AMSR-E soil moisture retrievals, a detailed time series was
presented for satellite-derived soil moisture from AMSR-E and WindSat (Figure 11). The two satellitederived soil moisture series show consistent behaviour and sub-daily deviations (when not explained
by rainfall) are mostly within the uncertainty of the retrieval model (approximately 4%). For
reference purposes, rainfall data (daily accumulations) and in situ soil moisture data (normalized for
display purposes) as measured at two different sites within the 0.25° grid cell are included. The in situ
soil moisture record has a 30-min sampling interval and shows a small diurnal cycle. In general, the
satellite-derived soil moisture products show high consistency in their response to changing
environmental conditions. For example, the dry-down period from the rainfall events in the end of
May was consistently shown by both satellites, and this dry-down period was also shown by the in
situ soil moisture observations. However, differences may occur due to the fact that the shallower
layer (satellite-derived soil moisture) is more vulnerable for the land–atmosphere processes than the
deeper layer (in situ observations). Examples of the land–atmosphere processes may include
complex dew processes mainly observed during night-time, evaporation mainly observed during
daytime, and extremely light precipitation which only wets the top layer of the soil. Another part of
the explanation may be that rain events did not cover the entire 0.25° grid box and/or did not cover
the site of the in situ stations. When comparing point-scale observations (rainfall and in situ soil
moisture) to 0.25° satellite footprint (satellite soil moisture retrieval) scale observations, the
heterogeneity of the land surface within this footprint could lead to deviations between the different
data sets; the most important is the consistency of the satellite soil moisture retrievals.

Figure 11: A detailed timeseries for the Murrumbidgee 5 Ground Station located near Balranald Park (New South Wales,
Australia) for the period May 27 till August 23, 2010
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3.5 Summary and conclusions
Within the scope of the recommended activities in the IPCC Fourth Assessment Report to
make best use of existing soil moisture observations, a methodology to use WindSat brightness
temperature observation to retrieve soil moisture in a consistent way using the LPRM has been
developed. A procedure to synchronize AMSR-E and WindSat brightness temperature observations
was proposed and an existing algorithm to retrieve LST was adapted. Both satellite-derived soil
moisture products were compared to in situ soil moisture observations and we may conclude that
adjusted WindSat (R=0.60 and σ=0.13) is performing equally well as AMSR-E (R=0.62 and σ=0.13)
when compared to in situ soil moisture. Lower agreement over the SmosMania network could be
explained by the higher vegetation density at this in situ network. The observable soil emission will
decrease with increasing vegetation while emission from the vegetation will increase. Under a dense
canopy, the emitted soil radiation will become attenuated and the observed emissivity will be due to
the vegetation only. It was further shown that the correlation between both satellite-derived soil
moisture products is high, both for the global data (R=0.83 and σ=0.14) and for the data over the in
situ networks (OzNet R=0.87; Remedhus R=0.97; SmosMania R=0.80). It should be noted that the
correlation is not expected to be perfect because of the 4.5 hours difference in observation time.
Particularly at the very surface of the soil, significant changes in surface moisture may occur between
these observation times. Care should be taken in interpreting biases in the satellite derived soil
moisture products, since these are likely a result of residual discrepancies in the methodology and
diurnal cycles of complex environmental processes (e.g., dew and evaporation).
The time-dependent soil temperature relationships as determined over low vegetation (Section
3.2.2) may not be a good estimate over denser vegetation, resulting in biases between the different
soil moisture products. Nevertheless, the bias between the 6:00 AM WindSat and the 6:00 PM soil
moisture product confirms the hypothesis that these soil moisture retrievals include information
about the variation (drying) of soil moisture over the course of the day. For these reasons, the work
presented in this paper could be seen as a first step toward soil moisture retrievals showing the
changes of this variable over the course of the day. Finally, it was shown that soil moisture retrievals
from both satellites have a consistent response to changing environmental conditions, and a detailed
time series from a location in Balranald Park (New South Wales, Australia) showed consistent
temporal behaviour.
Recently, the ESA launched a satellite dedicated to observe soil moisture and ocean salinity
(SMOS) and makes observations in the L-band microwave frequency. The lower frequency is
expected to retrieve more reliable soil moisture over (densely) vegetated regions. Also, the emitted
radiation originates from a somewhat deeper soil layer (approximately 5 cm) than for the C- and Xband microwave frequencies, which is more in line with in situ observation depths. Equator overpass
times of WindSat and SMOS are identical, which could make the soil moisture data set observed by
the adjusted WindSat observation a valuable data set for calibration and/or validation purposes.
Moreover, future satellite missions (e.g., GCOM-W, GPM, and Aquarius) could use an adjustment
approach as presented in this paper to get consistent land variable retrievals. The combination of
more accurate brightness temperature observations in combination with more knowledge about
retrieval methods could lead to a more reliable observation of the diurnal cycle of soil moisture.
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4 An inter-comparison of remotely sensed soil moisture products at
various spatial scales over the Iberian Peninsula
Soil moisture can be retrieved from active microwave, passive microwave and thermal infrared
(TIR) observations, each having their unique spatial- and temporal-coverage. A limitation of TIR-based
soil moisture retrievals is its dependency on cloud-free conditions, while microwave retrievals are
almost all weather proof. A downside of soil moisture retrievals from passive microwaves is its coarse
spatial resolution. While soil moisture retrievals at coarse spatial resolution proved to be valuable for
global- and continental-scale studies, their value for regional-scale studies remains limited. To
increase the use of soil moisture retrievals from passive microwave observations, an existing method
to enhance their spatial resolution was applied. We present an inter-comparison study over the
Iberian Peninsula for three soil moisture products at two different spatial sampling grids. The
products are also compared to in situ observations from the Remedhus monitoring network.
Variations between in situ data and satellite based soil moisture are observed, though all three
remotely sensed soil moisture product show good agreement to the ground based observations. In
general the comparison between the ground- and different satellite data as well as the intercomparison of the various satellite products is consistent. The remotely sensed soil moisture products
were inter-compared after sampling at 25x25 km2 and after applying the Smoothing Filter-based
Intensity Modulation (SFIM) downscaling technique at 10x10 km2 grids. After the application of the
SFIM technique the soil moisture retrievals from passive microwave observations better agree with
other remotely sensed soil moisture products over the study area. Agreement between soil moisture
retrievals from passive microwave and TIR-observations is generally high (R=0.77 for semi-arid areas),
these values drop when transitioning to anomalies. Additional analysis revealed that this is mainly
caused by the different temporal sampling of the TIR-based soil moisture compared to the two
microwave products. This study enhances our understanding of the remotely sensed soil moisture
products for improvements of soil moisture retrieval- and merging strategies.

This chapter is an edited version of: Parinussa, RM, Yilmaz, MT, Anderson, MC, Hain, CR and de
Jeu, RAM. In review. An Inter-comparison of Remotely Sensed Soil Moisture at Various Spatial Scales
over the Iberian Peninsula. Hydrological Processes.

4.1 Introduction
A variety of satellite sensors used for the retrieval of soil moisture has been observing the
Earth’s surface from the late 1970s onwards. Continuous passive microwave observations from
several sensors are available from 1978 onwards (Owe et al. 2008), while active microwave
observations from several sensors are available starting in 1991 (Wagner et al. 2007), TIR
observations are available since 1960 even though diagnostic model based soil moisture estimates
become available only since 1990s. There are various methods (Section 2.3) to estimate uncertainties
of the individual remotely sensed soil moisture products. Particularly, Dorigo et al. (2010) showed
soil moisture products from passive microwave- and active microwave-observations to be
complementary while Hain et al. (2011) draw similar conclusions for soil moisture products from
passive microwave- and TIR-observations.
Due to the nature of the remotely sensed observations, both active microwaves and TIR are able
to retrieve soil moisture at finer spatial scales then using passive microwave observations. In order to
enhance the spatial resolution of the soil moisture retrievals from the passive microwave

41

observations, we apply the SFIM downscaling technique (Santi 2010). This technique is based on
image fusion, where high-resolution sensor observations are used to downscale low-resolution
observations. Here we extend the earlier error estimation related studies by inter-comparing three
remotely sensed soil moisture products retrieved from fundamentally different space-borne
observations (i.e. TIR, active microwave and passive microwave). The comparisons were performed
over native products that were sampled at 25x25 km2 grids, while the passive microwave product
was downscaled and sampled at 10x10 km2 grids after the application of the SFIM downscaling
technique. The remotely sensed soil moisture products were also compared to ground based
observations from the Remedhus monitoring network.

4.2 Data sources
Data sources used in this study include soil moisture products from passive microwave
observations derived using the LPRM (Owe et al. 2008), active microwave observations using the TUWien algorithm (Wagner et al. 1999; Naeimi et al. 2009) and TIR observations using the ALEXI model
(Anderson et al. 2007; Hain et al. 2009). This section provides a brief introduction to the remotely
sensed observations and used retrieval algorithms.

4.2.1 Soil moisture from passive microwave observations
AMSR-E was specifically designed to observe water-related geophysical variables such as
precipitation, oceanic water vapour, sea ice extend and surface soil moisture. For this reason, a wide
variety of algorithms able to identify land surface- and atmospheric conditions such as frozen soils
(Holmes et al. 2009), RFI (Li et al. 2004) and active precipitation can be used for screening before
running the soil moisture algorithm. AMSR-E was one of the first sensors widely used for the retrieval
of global surface soil moisture and several algorithms have been developed to estimate this
geophysical variable from data from this sensor (Njoku et al. 2003; Jackson et al. 2004; Owe et al.
2008). Several global soil moisture products from the AMSR-E sensor are provided by the GCMD of
NASA’s GSFC.
These soil moisture products have been extensively validated against in situ observations
(Draper et al. 2009; Jackson et al. 2010; Brocca et al. 2011; Parinussa et al. 2012), models (Bisselink et
al. 2011; Rebel et al. 2012; Wanders et al. 2012), other satellite soil moisture products (Scipal et al.
2008; Crow et al. 2010; Dorigo et al. 2010; Hain et al. 2011) and aircraft-based soil moisture products
(Mladenova et al. 2011). These studies show the relatively high skill of the LPRM soil moisture
product to capture the temporal variability (correlation coefficient) compared to other products
(Crow et al. 2010; Gruhier et al. 2010; Jackson et al. 2010; Brocca et al. 2011). This high skill was the
main driver for selecting the LPRM algorithm in this research. For more detailed information on the
LPRM readers are directed to Section 2.2, and for more information on the AMSR-E sensor readers
are directed to Section 2.1.

4.2.2 Soil moisture from active microwave observations
MetOp is a series of three polar orbiting satellites developed by the EUMETSAT in collaboration
with the ESA. One of the instruments onboard the MetOp-A satellite, which has been in operation
since October 2006, is ASCAT. Six radar antenna beams illuminate a continuous ground swath in the
C-band frequency (5.3 GHz) at VV polarization, and at six different azimuth angles. Local equatorial
overpass times of ASCAT are 9:30 and 21:30 for the descending and ascending paths, respectively.
Combining the ascending and descending observations leads to a nearly daily revisit time at the
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Equator. For more detailed information on ASCAT onboard the MetOp satellites, readers are directed
to Figa-Saldana et al. (2002).
The change detection algorithm developed by the TU-Wien was originally applied to ESA’s ERS
Scatterometer (ERS-Scat; (Wagner et al. 1999)). Naeimi et al. (2009) applied this soil moisture
algorithm with minor adaptations to ASCAT observations. Soil moisture variations are adjusted
between historical lowest (0%) and highest (100%) values, producing a time series of relative soil
moisture associated with the uppermost (1-2 cm) soil layer, resulting in values ranging from wilting
point to saturation. Plant-growth and senescence are corrected for using a data-driven procedure in
which the multi-incidence angle measurements are re-used to extract the vegetation sensitive
signature from the backscatter observations. The ASCAT soil moisture product was validated against
in situ observations (Brocca et al. 2011), models (Albergel et al. 2010) and other satellite soil
moisture products (Dorigo et al. 2010). These studies showed an overall good agreement between
ASCAT surface soil moisture estimates and the various verification datasets. Dorigo et al. (2010)
showed relatively high errors in ASCAT soil moisture retrievals in very dry regions which were
believed to be related to volume scattering effects in dry, loose sand and the systematic orientation
of sand ripples and dunes over large areas leading to systematic influence of the azimuth viewing
direction (Bartalis et al. 2006). On the other hand, Dorigo et al. (2010) found relatively low errors in
the ASCAT soil moisture product over moderately to densely vegetated areas. This was suggested to
be the result of the data-driven vegetation correction in the TU-Wien Change Detection Algorithm,
allowing for higher order scattering effects. The ASCAT soil moisture product is generated in an
operational fashion on a nodal grid at a 25x25 km2 sampling grid, while a research product is
generated at a higher spatial sampling grid at 12.5x12.5 km2. Here, we re-sampled the TU Wien
surface soil moisture research product to 25x25 km2 and 10x10 km2 regular grids.

4.2.3 Soil moisture from thermal infrared observations
Atmosphere-Land Exchange Inversion (ALEXI) is a two-source (soil and vegetation) model for
obtaining the surface energy balance by using TIR based surface temperatures obtained by
geostationary satellites (Anderson et al. 1997; Anderson et al. 2007). Hain et al. (2009) showed
fraction of available water (faw) can be accurately obtained using the ALEXI model including valuable
information about the soil moisture conditions at the root-zone over vegetated areas. faw represents
a proxy of water availability for evapotranspiration, which translates into water in the surface layer
for evaporation and water in the root-zone layer for canopy transpiration. Hence, faw is a proxy for a
surface-root-zone mixed soil moisture estimate. ALEXI retrievals are limited to clear-sky conditions as
a result of the reliance on thermal remote sensing based observations. To alleviate the effects of this
reliance a cloud gap filling algorithm was developed (Anderson et al. 2007). This algorithm enhances
the temporal and spatial availability of ALEXI retrievals, however retrievals still do not have
continuous coverage due to missing observations over long periods. The ALEXI soil moisture proxy
has been used in a number of studies. Hain et al. (2009) validated this product using Oklahoma
Mesonet station observations. Hain et al. (2011) inter-compared the ALEXI-, AMSR-E LPRM- and
Noah soil moisture products in a triple collocation framework. Yilmaz et al. (2012) merged the same
three products using TC based errors in a least squares framework using an objective methodology
and validated using ground station data. Anderson et al. (2012) used the same three products over
horn of Africa to obtain an integrated soil moisture product that is aimed particularly for drought
monitoring. Here, we spatially aggregated the ALEXI product from its native resolution of 3x3 km2 to
25x25 km2 and 10x10 km2 grids using linear averaging.
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4.3 Methods
We chose a 5-year analysis period (2007-2011) to include the verification of the original soil moisture
retrieval outputs as well as anomalies after the removal of the climatology. A description of the study
area and an overview of the verification techniques are discussed below.

4.3.1 Study area
At the Iberian Peninsula, the climate varies significantly and this area is divided in three main
climatic zones, including semi-arid, Mediterranean and oceanic. The south-eastern part of Spain is
the semi-arid region (annual rainfall is approximately 300 mm), experiencing a dry and warm summer
season which usually continues beyond the end of summer. The Mediterranean climate zone can be
found over the inland areas (the Central plateau) experiencing a continental climate. The annual
rainfall in these Mediterranean areas typically exceeds 500 mm and the temperature regime is
characterized by hot summer and cold winters. The oceanic climate region ranges from the Pyrenees
to Galicia, located in north-western Spain and is characterized by warm summers and relatively mild
winters. Compared to the other climatic zones, the vegetation cover is relatively dense in the oceanic
climate region. The Galicia area has preserved some dense Atlantic forests, while the vegetation in
the Pyrenees shows a gradual oceanic influence along the French-Spanish border. Soil moisture
retrievals from the three different sources were available over the Iberian Peninsula for the period
2007-2011, allowing a thorough quality assessment at various spatial scales. The climate zone
distribution over the Iberian Peninsula allows for the evaluation of the products under a wide range
of vegetation scenarios for which we used the simultaneously retrieved VOD product from the LPRM
(Owe et al. 2001).

4.3.2 Inter-comparison and validation of products
Mutual agreement between the soil moisture products lends confidence in the retrievals
since the three products are independent. Therefore, the three remotely sensed products were intercompared over the entire Iberian Peninsula while their validation was performed over the dense in
situ monitoring Remedhus network located in the central part of the Duero basin in Spain. At this
network, in situ soil moisture is observed at 23 weather stations distributed over an area of
approximately 25x25 km2 however we only used the 20 stations that have multiple years of in situ
data available. Each weather station is equipped with Stevens Hydraprobes able to perform
continuous hourly measurements of the volumetric moisture of the soil. In situ soil moisture
observations in this network are taken at 0-5 cm (Dorigo et al. 2011). In previous studies, this
network was used to validate several remotely sensed soil moisture products (Wagner et al. 2007;
Parinussa et al. 2012) or used for calibration purposes (Wanders et al. 2012).
The danger of using root-mean square error (RMSE) alone and the importance of concurrent
use of correlation coefficient (R) as error measure statistic particularly for soil moisture were recently
stressed by Yilmaz and Crow (2012). Hence RMSE values using standardized products were not
calculated; rather R was selected as the only statistic used in this study to evaluate and validate the
products. Accordingly, R between the satellite- and in situ products were calculated for the entire
analysis period (2007-2011) at daily time-steps. We evaluated the three remotely sensed products
but we also removed the climatology to perform similar inter-comparison with remaining anomalies.
Climatology was removed following Section 2.3.3.
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4.3.3 Enhanced spatial resolution from passive microwave observations
The SFIM downscaling technique was originally designed by Liu et al. (2000) for downscaling
Landsat Thematic Mapper resolution using SPOT imaginary. Santi (2010) applied the SFIM
downscaling technique to AMSR-E observations to enhance the spatial resolution of AMSR-E C-band
data over a wide variety of reference targets used for sensor calibration such as the Amazonian river
basin, Lake Victoria and the Antarctic plateau. They found that this algorithm produced an enhanced
spatial resolution, allowing a better separation between different surface features in mixed pixels.
Testing over reference targets (i.e. ice, water and dense vegetation) confirmed the preservation of
the original brightness temperatures over these uniform areas while adding spatial detail.

4.4 Results and discussion
4.4.1 In situ comparison
The in situ soil moisture observations from the 20 weather stations were compared to the
remotely sensed products. First, each in situ timeseries was compared to soil moisture retrievals over
a coarse (25x25 km2) spatial area centred on the average location of the 20 in situ ground stations
and covering the entire Remedhus area (Figure 12 left). The same was done for the soil moisture
products at 10x10 km2 where the SFIM technique was used to downscale the passive microwave
based retrievals (Figure 12 left).
Large variations in correlation coefficients were shown for the different in situ stations ranging
from R=0.19 till R=0.82. Mutual consistency was observed for the performance of remotely sensed
soil moisture products compared to in situ data since the correlation coefficients are generally
clustered without distinct outliers. Average correlation coefficients for the coarse (25x25 km2) and
the finer (10x10 km2) scale products were found to be 0.59 and 0.60 for AMSR-E, 0.53 and 0.52 for
ASCAT and 0.60 and 0.59 for ALEXI respectively. The remotely sensed soil moisture products were
also inter-compared after the sampling at 10x10 km2 showing high correlation (on average R=0.82)
values for the AMSR-E-ALEXI product combination, followed by the AMSR-E-ASCAT combination (on
average R=0.70) while the ALEXI-ASCAT combination generally shows the lowest agreement (on
average R=0.50).
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Figure 12: The comparison of the three remotely sensed soil moisture products at native- and enhanced spatial resolution
(left). The three remotely sensed soil moisture products were compared to the individual in situ stations from the Remedhus
network, also the three remotely sensed products were inter-compared (right).

The same analysis was performed for soil moisture anomalies where all datasets were preprocessed by removing the long-term climatology (Section 2.3.3). Correlation coefficients between in
situ data and remotely sensed products drop when transitioning from retrievals to anomalies (e.g.
Brocca et al., 2011), also shown in Figure 13. The AMSR-E and ASCAT products show on average a
comparable drop (in the order of 0.20) while the ALEXI product shows a larger drop (in the order
0.25). The difference between the microwave products (AMSR-E and ASCAT) and the TIR product
(ALEXI) may be a direct consequence of temporal sampling intervals.

Figure 13: Similar to Figure 12, but anomaly products are used for the correlation calculations.
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The amount of soil moisture retrievals over the entire analysis period from the three different
measurement techniques is shown in Figure 14. Also, Figure 13 showed the highest agreement
between the AMSR-E-ALEXI combination, when transitioning to SOIL MOISTURE anomalies this
combination is outperformed by the AMSR-E-ASCAT combination. Again, the ALEXI-ASCAT
combination generally shows the lowest agreement.

Figure 14: The amount of SM retrievals for the entire analysis period (2007-2011) which vary as a result of the different
nature of the remotely sensed observations.

To get a better understanding of this analysis, an additional anomaly correlation experiment was
done to better understand the impact of the difference in temporal sampling frequencies between
the remotely sensed products. Soil moisture climatology and anomalies were processed using soil
moisture retrievals from concurrent days only. Figure 15 presents the correlation coefficients to in
situ data for all retrievals and for these concurrent soil moisture retrievals. A significant drop (ΔR) in
correlation coefficient was observed for AMSR-E and ASCAT (on average ΔR=0.08), while correlation
coefficients for ALEXI remain the same (on average ΔR=0.00). Based on these results we may
conclude that the decreased temporal sampling interval of the ALEXI retrievals highly impacts the
degraded results of the soil moisture anomaly correlation analysis.
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Figure 15: A significant correlation drop (approximately a 0.08 drop) was shown for AMSR-E and ASCAT when the
climatology calculations and the comparison to in situ ground data are solely based on concurrent days. ALEXI validation
results remain stable after such temporal selection procedure.

4.4.2 Remote sensing products cross-correlation analysis
Soil moisture was retrieved by the LPRM at two spatial resolutions over the entire Iberian
Peninsula, sampled at 25x25 km2 and downscaled to 10x10 km2 via SFIM technique. The ALEXI and
ASCAT products were aggregated and also sampled at these grids, and were used to determine the
temporal correlation coefficients. The comparison (Figure 16) between AMSR-E and ASCAT (left
column) shows mutual agreement (high correlation coefficients) between the two products in the
south-western part of the Iberian Peninsula. This agreement breaks down in the drier regions located
in the east and vegetated/oceanic climate regions. AMSR-E and ALEXI (middle column) show overall
very good agreement; however, the agreement breaks down in the vegetated/oceanic climate
regions. ALEXI and ASCAT (right column) show similar patterns as observed in the comparison
between AMSR-E and ASCAT; however, correlation coefficients between ALEXI and ASCAT are higher
in vegetated regions (oceanic climate). Overall, the inter-comparison at the two spatial resolutions
yield very similar spatial patterns, suggesting a clear separation between different surface features in
mixed pixels after the application of the SFIM technique.
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Figure 16: Correlation coefficients for the inter-comparison of the various remotely sensed soil moisture products as
retrievals (top 2 rows) and decomposed into anomalies (bottom 2 rows).

Similar correlation analysis was performed for anomalies; again a drop in correlation coefficient
was associated with this pre-processing step. These maps, retrievals and anomalies, were used to
select the highest correlation coefficients resulting in performance maps (Figure 17) over the entire
Iberian Peninsula. After transitioning to anomalies, the red area (ASCAT-ALEXI correlations are the
highest) remains fairly similar showing the highest anomaly correlation in the vegetated/oceanic
climate region while many orange (AMSR-E–ALEXI highest) changed into blue (AMSR-E–ASCAT
highest). As Figure 16 already indicated, the different performance for original SOIL MOISTURE
retrievals and soil moisture anomalies is likely a result of the different revisit times of the soil
moisture products.

Figure 17: Best performing SM product combination taken from the correlation coefficient analysis presented in Figure 16
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Figure 18 shows the inter-comparison between the different product combinations at the two
spatial scales in relation to the VOD for the soil moisture retrievals (top) and anomalies (bottom).
After the application of the SFIM technique, the soil moisture retrievals from AMSR-E show better
agreement to both other products in the VOD range 0.17 to 0.50 and similar agreement from 0.50 to
0.70. The agreement was found to be smaller at both extremes ends of the graph (VOD<0.17 and
VOD>0.70) where uncertainties of all three products may increase at one or both ends (Bartalis et al.
2006; Dorigo et al. 2010; Hain et al. 2011; Parinussa et al. 2011). In any case, after the application of
the SFIM technique, better or at least similar agreement of the soil moisture product from the LPRM
to the other two products was found for the majority (78%) of the land pixels. Similar findings, with
somewhat different boundaries, were found using soil moisture anomalies. Again, the ΔR was
observed for the AMSR-E-ALEXI combination when transitioning to anomalies.

2

2

Figure 18: Inter-comparison of the remotely sensed SM retrievals (top) and anomalies (bottom) at 25x25 km and 10x10 km
in relation to vegetation density.

4.5 Conclusions
An inter-comparison study at various spatial scales was performed over the Remedhus network
as well as the Iberian Peninsula. Large variations between in situ ground data and satellite based soil
moisture are observed. However, in general the comparison between the ground- and different
satellite data as well as the inter-comparison of the various satellite products is consistent. The
analysis over the entire Iberian Peninsula revealed an overall high mutual agreement between soil
moisture retrievals from AMSR-E and ALEXI (R>0.63 for 0<τ<0.70), in particular for semi-arid regions
(R=0.77 for 0.10<=τ<0.30). The LPRM and ASCAT combination shows a somewhat lower agreement
(R=0.63 for 0.30<=τ<0.50). When transitioning to soil moisture anomalies, the correlation coefficient
values drop mainly for the AMSR-E and ALEXI combination. Additional analysis revealed that this
drop is mainly caused by the relatively low temporal sampling of ALEXI compared to the two
microwave products. Overall, the cross-correlations of AMSR-E with ASCAT and ALEXI were the
highest after the application of the SFIM technique as a function of VOD. Consistent with the earlier
studies, the agreement between the products was smaller for areas with very low and high
vegetation cover.
Recently, the ESA launched the CCI program, aiming for optimized long term satellite climate
data records which may be used for the initialization and validation of climate models, budget
closure studies and coupled re-analysis schemes (Hollmann et al. 2012). The Earth’s surface is
continuously been observed by multi-frequency passive microwave observations from 1978 onwards.
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Recently, several initiatives (Liu et al. 2012; Yilmaz et al. 2012) presented methodologies to
harmonize soil moisture products from (historical) active and/or passive microwave and/or TIR
observations and/or modelled soil moisture. The input datasets from passive microwave
observations for such harmonization may be entirely reprocessed using the SFIM downscaling
technique, enhancing its spatial resolution. Additional analysis revealed the importance of temporal
sampling when transitioning from soil moisture retrievals to anomalies. This is an important message
when optimizing merging strategies since remotely sensed observations from different satellite have
their unique temporal and spatial coverage. Additionally, this is important for validation studies using
soil moisture retrievals from different satellite observations. Several multi-frequency passive
microwave sensors such as TMI, Fengyun, WindSat and AMSR-II are currently observing the Earth’s
surface. Retrievals from these sensors could potentially be downscaled following the procedures as
presented in this paper.
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5 Error estimates for NRT soil moisture as derived from the LPRM
A time-efficient solution to estimate the error of satellite surface soil moisture from the LPRM is
presented. The errors are estimated using an analytical solution for soil moisture retrievals from this
radiative-transfer based model that derives soil moisture from low-frequency passive microwave
observations. The error estimate is based on a basic error propagation equation using the partial
derivatives of the radiative transfer equation and estimated errors for each individual input
parameter. Results similar to those of the Monte Carlo approach show that the developed timeefficient methodology could substitute computationally intensive methods. This procedure is
therefore a welcome solution for NRT data assimilation studies where both the soil moisture product
and error estimate are needed. The developed method is applied to the C-, X-, and Ku-bands of the
AMSR-E sensor to study differences in errors between frequencies.

This chapter is an edited version of: Parinussa, RM, Meesters, AGCA, Liu, YY, Dorigo, W, Wagner,
W, de Jeu, RAM. 2011. Error Estimates for Near-Real-Time Soil Moisture as Derived From the Land
Parameter Retrieval Model. IEEE GRSL 8, 779-783.

5.1 Introduction
With the recent changes in data distribution, it is currently possible to produce satellite soil
moisture from microwave sensors with latency of approximately 2 hours from the satellite
observation (Ramapriyan et al. 2010). Numerous data assimilation studies (Brocca et al. 2010; Drusch
2010) demonstrated the need of additional satellite soil moisture error estimates to improve
weather and flood forecasts. Ideally, we would like to produce soil moisture and its associated error
estimate simultaneously. Unfortunately, statistical error propagation methods, like the Monte Carlo
simulation, are computationally intensive minimizing the possibility to produce soil moisture error
estimates in a NRT mode. This chapter presents an analytical solution that aims to derive soil
moisture error estimates from satellite observations with minimum computing time creating the
opportunity to simultaneously calculate both the soil moisture and associated error.
Different soil moisture data sets derived from passive microwave observations are available
(Koike et al. 2001; Njoku et al. 2003; Owe et al. 2008), but until now, none of them produces the
associated soil moisture errors next to the soil moisture values in an automated fashion. However, in
the active field, this is already a common practice (Naeimi et al. 2009). Recently, Liu et al. (2011) have
shown that the combination of passive- and active-microwave-based soil moisture data sets has the
potential to provide higher quality soil moisture product compared to single-sensor data sets.
Estimation of associated errors for the soil moisture product derived from passive microwave
observations could lead to a more solid combination strategy, particularly on short timescales (NRT).
One of the more promising passive microwave soil moisture products is based on the LPRM
(Owe et al. 2008), this model uses a simple radiative transfer equation to obtain soil moisture from
microwave observations (Section 2.2). Due to the simple nature of this model, we used this model to
derive an analytical solution to estimate the soil moisture errors. The LPRM has been applied to L-, C, X-, and Ku-band satellite observations and uses an optimization technique to extract soil moisture
and VOD from horizontally and vertically polarized microwave brightness temperatures by
partitioning the observed signal into its respective soil and vegetation emission components (de Jeu
and Owe 2003; Meesters et al. 2005; Owe et al. 2008); surface soil temperature is estimated offline
with a separate retrieval algorithm (Holmes et al. 2009). Statistical approaches (e.g., Monte Carlo)
can be used (Naeimi et al. 2009) to estimate the error of LPRM-based soil moisture retrievals but are
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computationally intensive because many iterative model runs are needed to derive statistically
reliable error estimates. Because of the high computational cost of the Monte Carlo approach, it is
impractical to apply such a technique in an operational fashion.
To overcome these issues, an analytical solution to estimate the error of LPRM surface soil
moisture was derived. The analytical error estimation is based on a basic error propagation equation
using the partial derivatives of the radiative transfer equation and estimated errors for each
individual input parameter to calculate the standard deviation in the dielectric constant (k). This
standard deviation can be used to determine the error in the soil moisture retrieval using a dielectric
mixing model (Wang and Schmugge 1980) under the assumption that the dielectric mixing model
itself is correct. The analytical error estimate provides the random error of the soil moisture product,
at the right time and spatial scale, which can be explained from the retrieval method.

5.2 Materials and methods
5.2.1 Passive microwave observations
The methodology presented here is based on observations from the AMSR-E sensor (Section
2.1). Observations are made in vertical (V) and horizontal (H) polarizations at six frequencies, of
which four are relevant for this study. We applied the developed methodology to AMSR-E
observations in the C-, X- and the Ku-band frequency having a spatial resolution of 73x43 km, 51x30
km, 27x16 km and 14x8 km, respectively. Only night-time observations are used here as it was shown
that soil moisture retrievals based on these are more reliable than those based on day-time
observations (de Jeu et al. 2008). Moreover, here, only brightness temperature observations for the
year 2008 are considered, which were re-sampled to a 0.25° global grid.

5.2.2 LPRM
The retrieval methodology, the LPRM, uses a radiative transfer equation in two polarizations
to solve for soil moisture and VOD simultaneously using a nonlinear iterative optimization procedure.
The LST is assumed to be the area mean of Ts and Tc, is derived from the Ka-band vertically polarized
brightness temperature (Holmes et al. 2009) and is calculated external to the retrieval algorithm. A
more detailed description of the soil moisture retrieval model may be found in Section 2.2. Some
well-known limitations in the retrieval model require a masking routine to be implemented. This
masking routine eliminates data where values are meaningless, such as areas with snow cover or
frozen surface conditions (Holmes et al. 2009) or areas with radiofrequency interference (Li et al.
2004).

5.2.3 Errors of the input
Some input parameters, like brightness temperature observations have well-defined values
for their accuracy, while for others it is only possible to provide an estimate. The sensor sensitivity
for the AMSR-E sensor is a well-known value; for C-band brightness temperature observations it is
0.3 K and for the other bands relevant for soil moisture retrieval (X- and Ku-bands) it is 0.6 K (NSIDC
2006). Moreover, the LST algorithm has been extensively validated (Parinussa et al. 2008; Holmes et
al. 2009) with an error value varying between 2.5 K for non-vegetated to lowly vegetated areas and
1.8 K for highly vegetated areas for AMSR-E night-time observations, these values include the AMSRE Ka-band sensor sensitivity of 0.6 K. Other input parameters do not have well-defined values for
their accuracy because it is often difficult to derive a reliable estimate. Limitations on measuring
techniques, high spatial and temporal variability and problems due to up-scaling of parameters may
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all contribute to this error. The LPRM uses single global values for the single scattering albedo (ω)
and the roughness parameters (h and Q). In a recent study, de Jeu et al. (2009) demonstrated that a
complex parameterization is not necessary to improve soil moisture retrieval capabilities; therefore,
we choose to solely use fixed values for ω, h, and Q. The associated error for the parameters where it
is only possible to provide an estimate was chosen to be 10% of its input value; this noise value is
rather arbitrary but a commonly used value for error analysis (Naeimi et al. 2009). Table 4 shows the
input parameters and their associated error estimates that were used to compare the analytical error
propagation and the Monte Carlo simulation.
Input parameters
Brightness temperature C-band
Brightness temperature X-band
Brightness temperature Ku-band
Land Surface Temperature
Empirical roughness parameters
Cross Polarization
Single Scattering Albedo

Symbol
Tb
Tb
Tb
LST
h
Q
ω

Input Value
Observation
Observation
Observation
Retrieved variable
0.18
0.127
0.05

Associated Error
0.3 K
0.6 K
0.6 K
1.8 – 2.5 K
0.018
0.0127
0.005

Table 4: Input parameters and associated errors

5.3 Analytical derivation of the radiative transfer equation
In this section, the radiative transfer (Section 2.2) is rewritten and an analytical solution for the
standard deviation in the dielectric constant (k) is derived. The basis of the analytical solution to
calculate the error in soil moisture lies in the use of a basic error propagation equation:
Eqs 18) S obs = JS mod J T
where Sobs and Smod are the covariance matrices for the observation and model parameters,
respectively, J is the Jacobian matrix and T denotes the transpose. J is used for the transformation
from the model parameters (Γ, k, LST, ω, h) to the observations and estimations (TbH, TbV, LSTobs, ωest,
hest):
 ∂TbH

 ∂Γ
 ∂TbV
Eqs 19)
J =  ∂Γ
 0

 0
 0


∂TbH
∂k
∂TbV
∂k
0
0
0

∂TbH
∂LST
∂TbV
∂LST
1
0
0

∂TbH
∂ω
∂TbV
∂ω
0
1
0

∂TbH
∂h
∂TbV
∂h
0
0
1












The methodology is adapted to determine the variance of the dielectric constant ( σ k2 ). It was
chosen to determine the variance of the dielectric constant because this is the principal observation,
and is linked to soil moisture. Another reason to determine the variance of the dielectric constant is
the existence of several different models linking the dielectric constant (k) to soil moisture. Based on
the findings by Owe and van de Griend (1998), we here use the dielectric mixing model of Wang and
Schmugge (1980) to link the variance of the dielectric constant (k) to the error estimate in soil
moisture. The challenge in using the basic error propagation methodology (18) is to define the partial
derivatives. To define the partial derivatives, we used the Jacobian matrix (19), which is a matrix
containing the first-order partial derivatives of the radiative transfer equation with respect to each
variable. The radiative transfer (Section 2.2) was rewritten and reorganized to (20); for convenience,
we drop subscript ‘P’ for polarization:
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Eqs 20) Tb = LST [er (Γ − (1 − ω )(1 − Γ)Γ) + (1 − ω )(1 − Γ2 )]
For convenience, the expressions F(Γ, ω) (21) and G(Γ, ω) (22) are defined to rewrite (20),
resulting in (23):
Eqs 21) F (Γ, ω ) = Γ − (1 − ω )(1 − Γ)Γ
Eqs 22) G (Γ, ω ) = (1 − ω )(1 − Γ 2 )
Eqs 23) Tb = LST [F (Γ, ω )er (k , h) + G (Γ, ω )]
The rough surface emissivity er(P) follows from (24), where the polarization is reintroduced.
This equation was written to calculate the rough surface emissivity in H polarization. To calculate the
rough surface emissivity in V polarization, the H- and V-signs should swap. Q is the roughness
parameter known as the cross polarization, and h is the roughness:
Eqs 24) er ( H ) (k , h) = 1 − [Q(1 − es (V ) (k )) + (1 − Q)(1 − es ( H ) (k ))]χ (h)
where the last term refers to:
Eqs 25) χ (h) = exp(−h ⋅ cos(u ))
The smooth surface emissivity was calculated using (26) and (27); for convenience, we drop
subscript ‘s’ from the smooth emissivity:
Eqs 26) e = 1 −  cos(u ) − ∆ 
H



2

 cos(u ) + ∆ 

Eqs 27) eV = 1 −  k ⋅ cos(u ) − ∆ 



2

 k ⋅ cos(u ) + ∆ 

where the Δ term refers to:
Eqs 28) ∆ = k − sin 2 u
The following derivatives will be needed:
Eqs 29) ∂F = 1 − (1 − ω )(1 − 2Γ)

∂Γ
∂
Eqs 30) G = −2(1 − ω )Γ
∂Γ

Eqs 31) ∂eH = 2 cos(u ) cos(u ) − ∆
3

∂k
∆
(cos(u ) + ∆)
∂
e
Eqs 32) V = 2 cos(u ) k − 2∆  k ⋅ cos(u ) − ∆
3
∂k
∆
 (k ⋅ cos(u ) + ∆)

From these equations, it follows that the Jacobian matrix (19) can be calculated analytically.
The numbers subscripted in J represent locations in the Jacobian matrix (Jrow,column):
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Eqs 33) J 11 = TLS  ∂F er , H + ∂G 
Eqs 34) J 21
Eqs 35) J 12
Eqs 36) J 22

∂Γ 
 ∂Γ
∂
F
∂
G

= TLS 
er ,V +

∂Γ 
 ∂Γ
∂e 
 ∂e
= TLS F  Q V + (1 − Q) H  χ
∂
k
∂k 

∂e 
 ∂e
= TLS F  Q H + (1 − Q) V  χ
∂k 
 ∂k

Eqs 37) J 13 = Fer , H + G
Eqs 38) J 23 = Fer ,V + G

Eqs 39) J 14 = TLS [(1 − Γ)Γer , H − 1 + Γ 2 ]
Eqs 40) J 24 = TLS [(1 − Γ)Γer ,V − 1 + Γ 2 ]
Eqs 41) J 15 = TLS F [Q(1 − eV ) + (1 − Q)(1 − e H )]χ cos(u )
Eqs 42) J 25 = TLS F [Q(1 − e H ) + (1 − Q)(1 − eV )]χ cos(u )

It follows that the variations in the observed and estimated parameters (TbH, TbV, LSTobs, ωest,
hest) are related to the variations in the model parameters (Γ, k, LST, ω, h); this results in the following
expression:
Eqs 43) S mod = J −1 S obs ( J −1 )T
Working out Smod,22 yields (44), where the correlation between the errors in TbH and TbV is
expressed in r:
Eqs 44)
2
2
2
2 2
2 2
−1
−1
+ (( J −1 ) 22 ) 2 σ TbV
+ 2(( J −1 ) 21 )(( J −1 ) 22 )rσ TbH σ TbV + (( J −1 ) 23 ) 2 σ LS
σ k2 = (( J −1 ) 21 ) 2 σ TbH
( obs ) + (( J ) 24 ) σ ω + (( J ) 25 ) σ h

To compare the analytical solution to the traditional Monte Carlo simulation and to study the
differences in errors between frequencies, we selected 107 in situ test locations worldwide
(Australia, Spain, France, Mali, and the U.S.) representing a large variety of land covers and
vegetation densities. Identical input data (C-band observations) and error estimates (Table 4) were
used in the traditional Monte Carlo simulation and the analytical error propagation to estimate the
error in the soil moisture product.

5.4 Results
To compare the results obtained from both methods, the averaged error estimates using the
analytical error propagation [m3·m−3] were plotted against the averaged error estimates using the
Monte Carlo simulation [m3·m−3] (Figure 19). There is a high correlation (R=0.96) between the error
estimates obtained from the Monte Carlo simulation and the analytical error propagation. The high
correlation and the close match to the one-to-one line indicate high agreement between both
methods.
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Figure 19: Scatterplot of average error estimate from the Monte Carlo simulation against error estimates of the analytical
error propagation

For the same locations and time period, the analytical error was estimated for the three
different microwave frequencies (C-, X-, and Ku-bands). Results (Figure 20) show larger error values
in the retrieved soil moisture product for higher frequencies at similar VOD values. For example, for a
specific agricultural crop (VOD=0.5), the error estimate for the soil moisture retrieval in the C-band is
around 0.07 m3·m−3; in the X-band, this is around 0.11 m3·m−3, and in the Ku-band, this is around 0.16
m3·m−3. All relevant frequency bands show an increasing error with increasing VOD. This is consistent
with theoretical predictions, which indicate that, as the vegetation biomass increases, the observed
soil emission decreases, and therefore, the soil moisture information contained in the microwave
signal decreases (de Jeu et al. 2008). In addition, retrievals from the higher frequency observations
(i.e., X- and Ku-bands) were show adverse influence by a much thinner vegetation cover.

Figure 20: Error of soil moisture as related to the vegetation optical depth for 3 different frequency bands
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To show the temporal behaviour of the analytical error estimate, a time series for three
different locations in the Sahel region is presented (Figure 21). The Sahel region was chosen because
there is a strong transition between dry and non-vegetated to lowly vegetated areas (upper) in the
north and wet and densely vegetated areas (lower) in the south. Also, there is a strong seasonal
variation (middle) in the transition zone between these two. The figure represents the 30-day central
moving average of the presented parameters. The error estimate is added and subtracted from the
associated soil moisture retrieval and is represented by the range. It was shown that the analytical
error estimates in the dry and lowly vegetated regions are low and consistent in time. In the
transition zone, a similar behaviour is observed in the beginning of the time series. Strong changes in
vegetation are observed from September onward; comparable behaviour is observed for the error
estimate. In the wet and densely vegetated areas, it is shown that the analytical error estimates are
high and show comparable behaviour when the vegetation density decreases (February–March
period).

Figure 21: Time series for 3 different locations in the Sahel region

The presented error propagation method is applied on a global scale to all descending AMSR-E
C-band observations for the year 2008. Daily global error estimate maps were averaged into a yearly
representation (Figure 22). Spatial patterns show strong connection to the global vegetation
distribution. In tropical regions and boreal forests, which are characterized with dense vegetation,
the error estimate is high. Savannas and tundra’s show intermediate error estimates, and in desert
regions, the error estimates are low.

Figure 22: Global representation of soil moisture error estimates [m3 m-3] for AMSR-E C-band observations
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5.5 Discussions and conclusions
The methodology presented in this chapter has shown that it is possible to provide an
analytical solution to derive soil moisture error estimates from satellite observations. This creates the
opportunity to produce satellite soil moisture and estimate the associated error of the satellite soil
moisture product in NRT. Applying the analytical error propagation method shows results that are in
line with the theory. This theory states that, at higher microwave frequencies, the error of a
retrieved soil moisture value at similar optical depth values is generally higher. Single-frequency
observations show increasing error estimates at higher optical depth values. Similar results for the
Monte Carlo simulation and the analytical error propagation suggest that the time-efficient analytical
solution can replace the computationally intensive Monte Carlo simulation. The spatial patterns of
the analytical error estimate correspond well to the spatial patterns obtained by the triple
collocation technique (Dorigo et al. 2010), while the patterns observed by both methods show a
strong connection to vegetation distribution. More research is needed to investigate the results of
the analytical error propagation method particularly to validate absolute values of the analytical
error estimation. It is suggested to use triple collocation and comparisons with in situ soil moisture
observations for this validation.
Most recent the SMOS and Aquarius satellite missions were launched and in the future SMAP
will join. The satellite missions observe the Earth’s surface in lower microwave frequencies (1.4 GHz;
L-band). Because of the better signal-to-noise ratio in this frequency, observations are expected to
be more sensitive to soil moisture. Unfortunately, SMOS and SMAP lack an additional sensor to
simultaneously sense LST and the associated error in the brightness temperature observations is
higher than that in the AMSR-E observations. The methodology presented in this Chapter can
account for all these factors, and therefore, the basic principle could be used for L-band satellite
observations. With the current availability of passive microwave brightness temperatures
observations with a latency of 2 hours behind observations and the described analytical solution, it is
possible to produce simultaneously the soil moisture and the associated error estimate in NRT. Such
NRT data stream is currently available for user download via the Global Change Master Directory of
NASA GSFC.
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6 The impact of LST on soil moisture anomaly detection from passive
microwave observations
For several years passive microwave observations have been used to retrieve soil moisture from
the Earth’s surface. Low frequency observations have the most sensitivity to soil moisture, therefore
the current SMOS and future SMAP satellite missions observe the Earth’s surface in the L-band
frequency. In the past, several satellite sensors such as AMSR-E and WindSat have been used to
retrieve surface soil moisture using multi-channel observations obtained at higher microwave
frequencies. While AMSR-E and WindSat lack an L-band channel, they are able to leverage multichannel microwave observations to estimate additional land surface variables. In particular, the
availability of Ka-band observations allows AMSR-E and WindSat to obtain coincident surface
temperature estimates required for the retrieval of surface soil moisture. In contrast, SMOS and
SMAP carry only a single frequency radiometer and therefore lack an instrument suited to estimate
the physical temperature of the Earth. Instead, soil moisture algorithms from these new generation
satellites rely on ancillary sources of surface temperature (e.g. re-analysis or near real time data from
weather prediction centres). A consequence of relying on such ancillary data is the need for temporal
and spatial interpolation, which may introduce uncertainties. Here, two newly-developed, large-scale
soil moisture evaluation techniques, the TC approach and the Rvalue data assimilation approach, are
applied to quantify the global-scale impact of replacing Ka-band based surface temperature retrievals
with MERRA surface temperature output on the accuracy of WindSat and AMSR-E based surface soil
moisture retrievals. Results demonstrate that under sparsely vegetated conditions, the use of MERRA
LST instead of Ka-band radiometric LST leads to a relative decrease in skill (on average 9.7 %) of soil
moisture anomaly estimates. However the situation is reversed for highly vegetated conditions where
soil moisture anomaly estimates show a relative increase in skill (on average 13.7 %) when using
MERRA LST. In addition, a pre-processing technique to shift phase of the modelled LST is shown to
generally enhance the value of MERRA LST estimates for soil moisture retrieval. Finally, a very high
correlation (R2=0.95) and consistency between the two evaluation techniques lends further credibility
to the obtained results.

This chapter is an edited version of: Parinussa, RM, Holmes, TRH, Yilmaz, MT, Crow, WT. 2011.
The Impact of Land Surface Temperature on Soil Moisture Anomaly Detection from Passive
Microwave Observtions. Hydrol. Earth Syst.Sci. 8, 3135-3151.

6.1 Introduction
Soil moisture is the key to our understanding of the interaction between the land and the
atmosphere as it determines the distribution of energy at the sub-surface and consequently impacts
associated water fluxes. The ESA launched the SMOS satellite in November 2009, this satellite is
designed for the retrieval of surface soil moisture at coarse (40x40 km2) spatial resolution (Kerr et al.
2010). The upcoming NASA SMAP satellite is designed for the same goal, and currently scheduled for
launch in November 2014 (Entekhabi et al. 2010b). Because of the combination of passive and active
microwave observation SMAP is expected to retrieve surface soil moisture at a higher spatial
resolution (10x10 km2). Both missions will operate in the L-band frequency (1.4 GHz) which should, in
theory, possess the highest sensitivity to surface soil moisture (Schmugge 1983; Jackson and
Schmugge 1989).
A variety of satellites have been observing the Earth surface with multi-frequency (C-, X-, K-
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and Ka-band, respectively 6.8, 10.7, 19 and 37 GHz) passive microwave radiometers from the late
1970s onwards and are used for the retrieval of surface soil moisture (Owe et al. 2008). The AMSR-E
sensor was the first widely used sensor for soil moisture retrievals, and recently, Parinussa et al.
(2012) showed that soil moisture retrievals from WindSat are of similar quality when compared to in
situ data after the implementation of an inter-calibration procedure and consistent use of a retrieval
algorithm (Chapter 4). One of the major differences between AMSR-E and WindSat are the local
Equator overpass times, which are 06:00 AM/PM for the WindSat sensor onboard the Coriolis
satellite (identical to SMOS and SMAP) and 01:30 AM/PM for the AMSR-E sensor onboard the Aqua
satellite. Another important difference is the reduced temporal frequency of WindSat at a fixed point
on the ground due to its smaller swath width (1025 km) relative to AMSR-E (1445 km).
LST is considered to be a critical input variable for soil moisture retrievals and several
algorithms rely on Ka-band observations to retrieve this variable. In particular, Holmes et al. (2009)
developed a retrieval method based on a simple linear relation between vertical polarized Ka-band
observations and LST. Because the newly designed missions (SMOS and SMAP) are single frequency
(L-band) they lack an instrument suited to estimating the physical temperature of the Earth. Instead,
algorithms to retrieve soil moisture from the new generation satellites rely on ancillary LST data,
such as re-analysis or near real time data from weather prediction centres, to acquire LST estimates
and retrieve soil moisture. In contrast with the multi-frequency approaches, which provide
coincident observations, this approach requires temporal and spatial interpolation of the ancillary
data, which may introduce uncertainties.
One of the algorithms using exclusively satellite observations is the LPRM (Owe et al. 2008).
This model uses a simple radiative transfer equation to retrieve soil moisture and VOD from
horizontal and vertical polarized brightness temperatures by partitioning the observed signal into its
respective soil and vegetation emission components (Section 2.2). Because soil moisture and VOD
are retrieved simultaneously, the LST estimate affects both the soil and the vegetation component
which could lead to a potential feedback in the LPRM that is not present in other soil moisture
algorithms. As a result of this potential feedback, the LPRM may be one of the more sensitive
algorithms with respect to errors in LST. Several studies show that LPRM soil moisture captures a
high degree of the temporal variability in spatially averaged soil moisture estimated obtained from
high-density ground gauge networks compared to other soil moisture retrieval algorithms (Wagner
et al. 2007; Draper et al. 2009; Jackson et al. 2010; Brocca et al. 2011). This finding was confirmed by
(Crow et al. 2010) using a completely different approach, the Rvalue method (Section 2.3.3), and using
soil moisture anomalies rather than absolute values. The skill to capture a high degree of temporal
variability of soil moisture was the main driver to select LPRM soil moisture retrievals for this study.
For the majority of the applications and/or data assimilation techniques that use remotely sensed
soil moisture data the temporal correlation coefficient is arguably the most important indicator of
utility. Especially for data assimilation it is a prerequisite to minimize systematic differences (Reichle
and Koster 2004), often by removing the climatology and scaling the anomalies to match the models
climatology (e.g. by cumulative distribution function (CDF)-matching).
In this Chapter, the impact of LST on the capability to detect soil moisture anomalies relative
to a climatological expectation is evaluated. The analysis is executed on a quasi-global (50°N–50°S)
scale, based on 8 years of data and two different evaluation techniques. Large-scale
validation/verification of surface soil moisture retrievals is generally hampered by a lack of groundbased observation networks with sufficient spatial density to be accurately up-scaled to the
resolution of satellite-based soil moisture retrievals (Scipal et al. 2008). Recently, ground-based
observations have been made more readily available (http://www.ipf.tuwien.ac.at/insitu/ and
http://www.wcc.nrcs.usda.gov/scan/), enhancing the evaluation of remotely sensed soil moisture
using ground-based observations over a wide range of land cover types (Brocca et al. 2011; Parinussa
et al. 2012). Nonetheless, global scale applications increasingly require global scale estimates of the
skill of soil moisture data that isolated monitoring networks cannot provide. For this reason, two new
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evaluation techniques have been proposed which circumvent the need for extensive ground-based
soil moisture observations and can be applied globally. The first technique is the Rvalue method which
was introduced by Crow and Zhan (2007) and was recently adapted (Crow et al. 2010) to run on an
anomaly basis and using a Rauch-Tung-Striebel smoother instead of a Kalman filter (Section 2.3.3).
The second evaluation technique is based on the TC analysis first applied to soil moisture
observations by Scipal et al. (2008). TC is a powerful statistical tool for estimating the RMSE in a time
series of geophysical data by simultaneously solving for systematic differences in the climatology of a
set of three linearly related data sources with independent error structures. Miralles et al. (2010)
validated the TC technique with in situ soil moisture data from four heavily instrumented watersheds
located in the United States. This technique was also used by Dorigo et al. (2010) to rank the quality
of different soil moisture products to inform a merger of active and passive microwave based soil
moisture products (Section 2.3.4).
Our analysis is based on the application of both the TC and Rvalue verification techniques to
globally evaluate the impact of changing between Ka-band and MERRA-based LST products on the
anomaly detection accuracy of subsequent LPRM-based AMSR-E and WindSat soil moisture
retrievals. The use of both TC and Rvalue methods allows for the cross-verification of key results and
the first attempt at comparing results from both metrics on a global scale. It also allows for an initial
global evaluation of various pre-processing strategies for re-analysis based LST products. Recently,
Holmes et al. (2012) argued that time-lagged pre-processing of the MERRA LST observations can
improve their accuracy as a representation of the temperature for surface soil moisture retrieval
algorithms. Their approach is based on synchronizing LST observations via the introduction of a
phase shift to LST observations at different depths. This phase shift may vary with land cover and
surface state, since these properties determine the propagation of heat through deeper soil layers. In
evaluating several scenarios, based on this phase shift, we hope to better understand errors in SMOS
and SMAP soil moisture retrievals associated with the use of LST estimates from ancillary data. Also,
potential time-lagged pre-processing of the MERRA LST predictions following Holmes et al. (2011)
will be evaluated to determine the potential use of phase shifting approaches to enhance the utility
of LST products obtained from an atmospheric re-analysis system.

6.2 Data
6.2.1 Passive microwave observations
An important difference between AMSR-E and WindSat is the reduced temporal frequency of
WindSat observations as a result of the reduced swath width. Another difference is the local equator
overpass times, which are 06:00 AM/PM for the Coriolis satellite (identical to SMOS and SMAP) and
01:30 AM/PM for the Aqua satellite. These differences motivate the use of both WindSat and AMSRE retrievals in this analysis. In particular, the 06:00 AM/PM overpass time of WindSat matches SMOS
and SMAP. This is critical since at the 06:00 AM/PM overpass times of the Coriolis satellite, the soil
temperature profile is considered to be more vertically homogeneous than at the 01:30 AM/PM
overpass times of the Aqua satellite. However, since the reduced temporal frequency of WindSat
observations may introduce higher levels of sampling error in evaluation results, we have also
included the AMSR-E results in the analysis. Finally, the physical conditions of the observed surface
are significantly different for the day- (ascending) and night-time (descending) overpass, and are
therefore separated in the analysis. RFI disturbs the natural microwave emission in the C-band
frequency over significantly large areas over the United States, India and Japan. The RFI algorithm
developed by Li et al. (2004) was used to detect these areas for both satellites. If RFI was detected on
a specific location we switched back to observations in the somewhat higher X-band frequency
(Figure 23) for the entire analysis period.
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Figure 23: The green areas indicate the areas where C-band observations are used. The red areas indicate where C-band
observations are contaminated by RFI and X-band observations are used.

6.2.2 MERRA data
MERRA is a multi-decadal (30+ years) continuous re-analysis data record developed to
support NASA’s Earth science objectives (Rienecker et al. 2011). MERRA provides the science and
application communities with global analysis with an emphasis on improved estimates of the global
hydrological cycle. Three dimensional diagnostics are produced at a 6-hourly interval, while two
dimensional diagnostics (including LST) are produced at an hourly interval. This high temporal
interval was the main driver of using MERRA LST in this analysis. MERRA data products are coarse
scale, having a spatial resolution of 1/2° latitude by 2/3° longitude. In this study, MERRA LST data are
downscaled to 1/2° latitude by 1/2° longitude using nearest neighbour re-sampling and observation
times were matched with the average 1/2° observation times of the satellites. The MERRA surface
temperature product was analyzed by Holmes et al. (2012) with the focus on the implementation for
soil moisture retrievals. In order to account for possible differences between the depth of MERRA’s
surface layer and the shallow temperature sensing depth for C- and X-band, several scenarios of the
MERRA re-analysis products will be evaluated that reflect slightly different soil depths. MERRA data is
publically available through the Goddard Earth Sciences Data and Information Services Centre http:
//disc.sci.gsfc.nasa.gov/mdisc/data-holdings for more information on the MERRA data, readers are
directed to http: //gmao.gsfc.nasa.gov/merra.

6.2.3 Precipitation data
Two separate satellite based rainfall data sets produced by TMPA (Huffman et al. 2007) are
also utilized: Psat and Pgauge. Psat is based on the real-time TRMM 3B42RT product calculated by
combining passive microwave with microwave calibrated infrared satellite data derived from
different sensors (Huffman et al. 2007). Pgauge is based on the same satellite input data (TRMM 3B42)
but includes a retrospective correction based on monthly rain gauge data. Huffman et al. (2007)
demonstrated the substantially higher quality of Pgauge after the retrospective correction of Psat. Both
precipitation products are produced quasi-globally (50°N–50°S) at a 3-hourly interval having a spatial
resolution of 1/4°. In this study, precipitation data was up-scaled to 1/2° latitude by 1/2° longitude
using spatial averaging and daily representations were generated by accumulating each precipitation
product over a 24-hour period.
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6.2.4 Scatterometer data
ASCAT on board ESA’s MetOp satellite is an active (radar) instrument operating in the C-band
frequency (5.255 GHz) making observations since October 2006. Backscatter measurements are
converted to surface soil moisture estimates by applying the TU Wien soil moisture change detection
algorithm (Naeimi et al. (2009); Section 4.2.2). By the time of this analysis, the product was available
from January 2007 till September 2010 and is produced in time series with a spatial resolution of
25x25 km2. In this study, ascending and descending swaths are combined leading to a nearly daily
revisit frequency at the equator. Surface soil moisture data was up-scaled to 1/2° latitude by 1/2°
longitude using spatial averaging. For more detailed information on the TU Wien soil moisture
change detection algorithm and the ASCAT sensor readers are directed Section 4.2.2.

6.2.5 Data selection
Due to differences in availability and characteristics (temporal and spatial resolution) of each
dataset, some compromises had to be made. By definition, the TC method requires 3 independent
data sources for the same geophysical variable (Section 2.3.4), which restricts the TC analysis to the
time period of ASCAT availability between January 2007 and September 2010. The time period for
which the data sets required for the Rvalue method are available is significantly longer, from February
2003 till December 2010. This period was chosen to make the analysis periods of the two
radiometers (AMSR-E and WindSat) identical. The spatial resolution of the different data sets range
from the highest resolution for the ASCAT data (25x25 km2), to the lowest resolution for the MERRA
re-analysis LST product (1/2° latitude by 2/3° longitude). The spatial resolution of the passive
microwave observations is typically available at 1/4° degree resolution. Also, the different data sets
vary in their temporal resolution ranging from the highest resolution for the MERRA re-analysis
(global hourly interval) to the lowest resolution for the (active and passive) microwave observation.
To balance the differences in spatial and temporal availability of the data sets, the entire analysis was
executed quasi-globally (50°N–50°S) on a daily timescale for a 1/2° degree spatial resolution.
Moreover, the brightness temperatures from AMSR-E and WindSat were re-sampled to daily 1/2°
global grids and day- (ascending), and night (descending) time observations were analyzed separate.
Class
1
2
3
4
5
6

Boundaries
τ < 0.1
0.1 <= τ < 0.3
0.3 <= τ < 0.5
0.5 <= τ < 0.7
0.7 <= τ < 0.9
τ >= 0.9

Table 5: Boundaries for different vegetation classes

Figure 24: Vegetation classes, of which the boundaries are indicated in Table 1, over which the Rvalue method and the TC
method were evaluated based on the simultaneously derived average VOD of the AMSR-E descending overpass for the
period February 2003 till December 2010.
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The results from the evaluation techniques were analyzed over 6 different land cover classes
(Table 5; Figure 24) in order to categorize results according to vegetation density. The LPRM retrieves
VOD, simultaneously with the soil moisture retrievals. Daily LPRM VOD retrievals from the night-time
AMSR-E overpasses were averaged for the period February 2003 till December 2010. Based on this
map, the global area over which the analyses were executed (50°N–50°S) is divided into 6 different
classes. In the standard LPRM routine it is assumed that the soil moisture signal becomes entirely
masked due to the overlying canopy when the simultaneously retrieved VOD in the C-band frequency
exceeds a value of 0.80. Although the LPRM rejects soil moisture retrievals in these areas on a
regular basis, they are considered in this analysis in order to inter-compare TC and Rvalue results over
the widest possible range of land surface conditions. Only frozen surfaces are completely removed
from the analysis. For areas with detected RFI, soil moisture retrievals are derived from X-band
brightness temperature observations. Both evaluation techniques require anomaly data which was
calculated by decomposing the raw time series data into climatology and anomaly components
(Section 2.3.3). As a result, this analysis will focus solely on evaluating the accuracy of soil moisture
anomaly predictions relative to a fixed climatology. Finally, to allow for direct comparisons between
the different scenarios for the LPRM, a particular 1/2° grid for a given overpass time is only included
in the analysis if it contains a viable retrieval in all evaluated scenarios.

6.3 LST scenarios
6.3.1 Ka-band scenarios
LST is considered to be a critical input variable to retrieve soil moisture and several
algorithms use a method developed by Holmes et al. (2009) to retrieve this variable. This method is
based on a simple linear relation between coincidently observed vertical polarized Ka-band
brightness temperature and the temperature of the land surface, referred to as TKa. In this paper the
Ka-band brightness temperature signal is degraded synthetically by adding a mean-zero, Gaussian
random noise signal (uncorrelated in both time and space) to original Ka-band LST retrievals. Here,
standard deviations of 0.5, 1, 2 and 4K are used for these synthetic random perturbations. These
levels are chosen to represent realistic error levels of various LST products (Holmes et al. 2012), with
the 4K level being an extreme level of degradation over the Ka-band temperature product.

6.3.2 MERRA scenarios
The LST from the MERRA re-analysis data set, referred to as TMERRA, represents a much
shallower layer as the C- and X-band radiation originates from a somewhat deeper layer (1–2 cm).
Because the temperature gradients may be substantial in the top centimetres of the soil, even such a
small difference in vertical representation may result in systemic diurnal biases in temperature. As a
result, the phase and amplitude of TMERRA is likely not optimally suited to represent the LST in soil
moisture retrieval algorithms like LPRM. In order to better represent the temperature of the emitting
layer of C- and X- band microwave emission, and therefore make better use of the MERRA dataset as
input to LPRM, we test different scenarios in which the vertical depth of the soil layer of MERRA
predictions is increased.
The vertical distance between two measurement depths and the thermal properties of the
medium determine the length of the time lag between soil temperature measurements at two
different depths. Van Wijk and de Vries (1963) showed that a phase shift is accompanied by an
exponential reduction in amplitude (A) and an increase in phase shift (dφ) of the daily temperature
cycle as the measurement depth is moved deeper into the soil (45) and (46):
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Eqs 45) Az 2 = Az1e 
 zd 
Eqs 46) dϕ =

− dz
zd

where dz is the vertical distance (z2–z1) and the damping depth (zd) is an expression of the
thermal properties of the medium. Holmes et al. (2012) demonstrated that by using only the
measured phase shift between temperature records from two depths, a time series of temperature
data can be synchronized to estimate the temperature at a second depth according to 45 and 46.
Specifically, they found that a 3-hour phase shift applied to the original MERRA product could
estimate the temperature at 5 cm below the surface with an RMSE of 1.8K for a dense in situ
network located in Oklahoma.
For the present study a much smaller phase shift should be appropriate to estimate the
temperature at 1–2 cm, but the exact value is difficult to estimate because it may depend on land
cover and surface state. For this reason several different scenarios from the MERRA re-analysis LST
dataset were evaluated for three different cases: (1) no phase lag (i.e. the original estimate), (2) a
phase shift of 1/2 hour and (3) a phase shift of 1 hour. For a single pixel in Oklahoma (USA), Figure 25
demonstrates the impact (time-lag and amplitude reduction) of these phase shift on MERRA LST
estimates. In addition to the evaluated MERRA scenarios (original, 1/2 hour and 1 hour), a 2 and 3
hours phase-shift was included in Figure 25 (for visualization purposes only) showing the damping in
the amplitude and the associated time-lag as a result of the introduced phase shift. This figure also
shows that the soil temperature profile is more vertically homogeneous at the Coriolis/WindSat
overpass time (06:00 AM/PM local solar time) than at the Aqua/AMSRE retrieval time (01:30
AM/PM).

st

Figure 25: Detailed diurnal land surface temperature time series from MERRA for July 1 2009 in Oklahoma, United States of
America. Different colours/line styles indicate different phase shifts which are related to different depths in the soil.
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6.4 Results and discussion
6.4.1 Cross verification
While both the Rvalue (Section 2.3.3) and TC (Section 2.3.4) verification techniques have been
successfully applied in soil moisture evaluation studies (Crow and Zhan 2007; Scipal et al. 2008; Crow
et al. 2010; Dorigo et al. 2010), their results have never been inter-compared and neither metric has
achieved sufficient independent credibility to serve as true replacement for ground-based soil
moisture measurements. For TC-based approaches, the primary concern is the potential for
unreliable results for the case of cross-correlated errors (Scipal et al. 2008; Crow and van den Berg
2010). For the Rvalue technique the analogous concern is ambiguity introduced by the uncertain choice
of γ in equation (11) and the potential confounding impact of auto-correlated soil moisture retrieval
error (Crow and Zhan 2007). Here we present both Rvalue and TC results in an attempt to enhance the
credibility of our global evaluation results by seeking results supported independently by both
metrics. The analysis period of the TC method is limited due to the availability of the ASCAT soil
moisture dataset (2007–2010) and differs from the period used for the Rvalue method (2003–2010).
For both methods the climatology was calculated based on their analysis periods. A consequence of
these different analysis periods is that the calculated anomalies for the longer period of the Rvalue
method are more statistically robust. On the other hand, the outcomes from the Rvalue method
depend on the amount of precipitation events during the analysis period, both differences may result
in spatial inconsistencies of evaluation results. It is likely that the number of precipitation events
made available for the Rvalue method is the dominant factor in arid areas, since evaluation results
from the Rvalue verification technique appear unreliable and highly spatially heterogeneous in desert
areas (Figure 5).
Soil moisture retrievals from the night-time (descending) AMSR-E observations are used for
cross-verification of the outputs of the two evaluation techniques introduced above (TC and Rvalue).
Since the soil moisture data sets have been processed, TC-based RMSE and Rvalue should contain
essentially the same information (Entekhabi et al. 2010) if both evaluation procedures are operating
correctly. Figure 26 explores this issue in greater detail by showing a scatter-plot between TC and the
Rvalue results over the entire range of LPRM-derived VOD (τ). Over this range (0<τ<1.10) global RMSE
acquired from the TC technique and global Rvalue results are selected and averaged within a series of
τ=0.01 intervals, resulting in a set of 110 data pairs (Figure 26). The coefficient of determination (R2)
between the two evaluation techniques was high (R2=0.90). However, Figure 26 does show
deviations from the regression line in both the high and low extremes of the vegetation (class 1 and
6). The high mutual consistency between TC and Rvalue, which was shown in the other classes, breaks
down at extreme vegetation levels due to a lack of variation in the Rvalue metric, suggesting that Rvalue
may saturate at extreme vegetation amounts. Class 1 (τ<0.10) mainly represents desert areas with
only few precipitation events. For this reason the Rvalue verification technique, which requires
sampling across a large number of precipitation events, may lose sensitivity in very arid climate
regions. On the other end of the scatter-plot, class 6 (mainly rainforest areas), the deviation could be
explained by the fact that the soil moisture signal becomes almost entirely masked due to the
overlying canopy. When these two extreme vegetation regions (i.e. vegetation classes 1 and 6) are
masked the coefficient of determination between the two evaluation techniques is very high
(R2=0.95). This high level of consistency between the two techniques lends confidence to their
interpretation as robust evaluation metrics for soil moisture retrievals.
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Figure 26: Comparison of soil moisture anomaly skill according to the TC and the Rvalue techniques for AMSR-E night-time
(descending) retrievals. The vegetation classes refer to ranges of VOD defined in Table 5. Masked extremes refer to the
vegetation classes 1 and 6 (Table 5 and Figure 24).

6.4.2 Ka-band scenarios
As described in Section 6.3.1, Tka retrievals were synthetically degraded using four different
noise levels and then applied to generate a range of LPRM AMSR-E and WindSat-based soil moisture
products. These products were then evaluated based on both the Rvalue and TC verification
techniques. Results within the 6 VOD classes, as was shown in Figure 24 (Table 5), were averaged
resulting in Figure 27. The left part of this figure shows the anomaly detection skill according to the
Rvalue technique, while the right part shows the skill according to the TC technique. Figure 27 shows
that results of the Rvalue evaluation technique are again roughly inversely related to those of the TC
evaluation technique. For both satellites (AMSR-E and WindSat) in both day- (ascending) and nighttime (descending) retrievals, increasing the magnitude of the noise levels leads to a reduction in Rvalue
for all vegetation density classes (Figure 27, left). The figure also shows a steady decrease in Rvalue
with increasing vegetation density which is consistent with expectations about the impact of
vegetation density on the attenuation of microwave emission from the soil surface by the overlying
canopy. As previously discussed (Section 6.4.1), this trend is broken for AMSR-E retrievals within class
1 (i.e. mainly desert areas) land cover conditions. For both satellites, the lowest Rvalue are found in
class 6 where the LPRM does not typically report retrievals.
Figure 27 (right) shows comparable results for the TC method. In contrast with the Rvalue
method, where an increasing value indicates a better soil moisture product, an increasing RMSE
indicates that the remotely sensed soil moisture product is of lower quality. For both satellites in
both day- (ascending) and night-time (descending) retrievals the TC method confirms the findings of
the Rvalue method. Increasing the artificial noise level on the Tka inputs into LPRM leads to an increase
in TC-estimated RMSE for subsequent LPRM soil moisture retrievals. Likewise, increasing vegetation
density leads to a steady increase in TC-estimate RMSE for soil moisture retrievals. As was the case
for Rvalue, the highest TC-estimated RMSE values are found for very densely-vegetated surfaces (i.e.
class 6) which are typically masked in LPRM applications. This offers some confidence that TC can
accurately identify areas of very poor retrieval accuracy. Finally, the similar response for both
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satellites with regards to variations in LST noise and vegetation density indicates that the lower
spatial support of the WindSat sensor does not influence the results of the evaluation techniques.
Figure 27 also suggests that the LPRM has varying sensitivity to the LST input under different
vegetation conditions. Generally, the results of the evaluation techniques for the different noise
scenarios cluster in the extreme classes (1 and 6) suggesting a lower sensitivity of the LPRM to LST in
these areas. In the other classes (2–5) the distribution for the different noise scenarios shows a wider
spread, indicating a higher sensitivity. Generally, this trend was confirmed by both verification
techniques. Another important observations from Figure 27, is that daytime observations from both
satellites become of higher quality when the vegetation density increases compared to the nighttime observations over the same areas. Several studies (Brocca et al. 2011; Loew and Schlenz 2011)
indicated this already, but none of them explained this phenomenon. One possible explanation is
that the vegetation water content during the day decreases due to transpiration induced by
photosynthesis, making the vegetation more transparent to microwave emission, and consequently
increasing the sensitivity to the underlying soil moisture signal. In general, for the majority of
vegetation species the dry wood density is smaller than the density of water leading to a decrease in
vegetation bulk densities when vegetation water content decreases. Also, higher canopy
temperatures during the day could lead to decreased VOD values, resulting in the same higher
penetration through the overlying canopy. In any case, these findings show that the traditional view,
which expects a higher quality of night-time observations since the environmental state is closer to
equilibrium at these times (de Jeu et al. 2008) might be incomplete.
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Figure 27: Effect of degrading the TKa on the soil moisture anomaly detection skill according to the Rvalue (left) and the TC
method (right) for the different overpass times of AMSR-E and WindSat. Each graph shows the average of the global results
for six different vegetation classes (Table 5), and the different symbols indicate the level of artificial Gaussian noise applied
to the TKa before inputting to the retrieval algorithm.
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6.4.3 MERRA scenarios
The TC and Rvalue evaluation techniques were also applied to soil moisture retrievals using the
3 different TMERRA scenarios (Section 6.3.2) and results within the 6 vegetation classes (Table 5; Fig.
24) were averaged. Figure 28 show these results for both evaluation techniques, where the relative
degradation (negative values; blue areas) or improvement (positive values; red areas) compared to
the original retrieval strategy (LPRM using TKa) are plotted. Since the mutual consistency between
both evaluation techniques was shown to break down at the high and low extremes of vegetation
density (Section 6.4.1), only the results for vegetation classes 2 to 5 are presented here.
First, Figure 28 is analyzed without differentiating results from the individual MERRA
scenarios. Overall there is a trend between the relative performance of LPRM soil moisture retrievals
using TMERRA (versus TKa) and the vegetation density. In the lightly-vegetated classes (2 and 3), the
performance of the soil moisture retrievals degrades when TMERRA was used relative to TKa (majority is
blue), the average degradation over all MERRA scenario’s in these classes is 9.7 %. However, the use
of MERRA-based soil moisture retrievals actually improves LPRM soil moisture retrieval accuracy for
class 4 and 5 (majority is red), on average this improvement is 13.7 %. A general consistency between
the TC- and the Rvalue evaluation techniques is again apparent. There are some deviations between
the performance of the two methods, but these are generally small (e.g. WindSat Ascending, class 2;
AMSR-E Descending, class 3) or they are from observations taken under challenging conditions
(AMSR-E Ascending; dense vegetation class 5). The relative impact of changing between TKa and
TMERRA tend to be larger for AMSR-E than for WindSat. This suggests that 01:30 AM/PM (i.e. AMSR-E)
observations are generally more sensitive to the transition from satellite observed LST to re-analysis
LST than 06:00 AM/PM (i.e. WindSat) observations.
Secondly, the impact of modifying the represented depth of TMERRA estimates, via equations
45 and 46, is analyzed. Generalizing these results is not straightforward since Figure 28 shows a large
variety of responses to this modification between the different satellites and their individual paths.
AMSR-E day-time (ascending) observations deviate significantly when compared to the other
analyses and generally show improved results with increasing phase shift. A one hour phase shift
shows the best results for AMSR-E day-time (ascending) observations, which could reflect an
overestimation of the diurnal heating as shown previously in Holmes et al. (2012). Conversely, for
AMSR-E night-time (descending) and WindSat (both paths) a 1/2 hour phase shift in the TMERRA
dataset is optimal under low- to sparsely vegetated conditions (classes 2 and 3).
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Figure 28: The relative skill in anomaly detection according to the TC and Rvalue techniques for three TMERRA scenarios
representing different soil depths. The x-axis represents the different MERRA scenarios (Original, ½ hour- and 1 hour phase
shift), and the y-axis captures the improvements (red) or degradation (blue) relative to the baseline case. Each row shows
the results for a different observation time as based on AMSR-E (1:30 AM/PM) and WindSat (6:00 AM/PM). The results are
further subdivided based on vegetation classes 2-5 (Table 5).
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6.5 Conclusions and outlook
The results of this study show the impact of LST error on the anomaly detection skill of surface
soil moisture retrievals derived from the LPRM. LST is an input to the LPRM and is normally acquired
from coincident Ka-band observations. In this study retrieved soil moisture from this default scenario
is first compared to several scenarios where the Ka-band temperature input is synthetically
degraded, and then to scenarios where LST is acquired from the MERRA re-analysis data. Two largescale evaluation techniques, the Rvalue metric and the TC method, both show sensitivity to soil
moisture retrieval skill when the quality of the LST signal is synthetically degraded. Moreover, a very
high correlation (R2=0.95) between the two evaluation techniques was demonstrated when extreme
vegetation conditions were masked. This consistency lends credibility to results obtained from both
metrics.
It was also shown that both evaluated LST products manifest themselves differently in the
LPRM under different vegetation conditions. This finding may be related to the nature of MERRA and
Ka-band LST estimates and how differences between the two estimates manifest themselves and/or
interact under certain vegetation conditions. Ka-band LST is directly related to the true radiometric
temperature of the land surface and is observed simultaneously to the other satellite observations
while MERRA LST estimates are based on the use of a coupled land-atmospheric model to temporally
smooth between assimilated observations of surface and atmospheric states. As a result, MERRA LST
estimates tend to be temporally smoother than instantaneous Ka-band LST retrievals. Since
vegetation also tends to reduce the (high frequency) temporal variation of LST, such conditions may
be better suited for the application of MERRA-based LST than lightly-vegetated conditions. Likewise,
MERRA LST estimates are likely of higher quality for dense vegetation cases since LST is tightly
coupled to air temperature and presumably easier to estimate within an atmospheric reanalysis
system. These differences and their interaction result in favourable results for Ka-band LST estimates
(relative to MERRA LST) for bare to sparse vegetation cases (classes 2–3), however this tendency is
reversed for the moderate to dense vegetation cases (classes 4–5). Consequently, the global impact
of transitioning into MERRA-based LST product is relatively modest.
Since the MERRA LST estimates do not have the same vertical representation of the soil layer
as the Ka-band LST estimates we included two additional scenarios where a phase and amplitude
adjustment of 1/2 and 1 hour represented slightly deeper temperature levels. The response to this
phase shift on the accuracy of LPRM soil moisture retrievals obtained from MERRA LST varies
considerably between each case. However, Figure 28 suggests that under sparsely vegetated
conditions (class 2–3), introducing a 1/2 hour phase shift generally outperforms the other MERRA
scenarios. The above results are based on the application of recent large-scale soil moisture
evaluation techniques, and not on more commonly used comparisons with ground-based soil
moisture observations. Arguably, these two techniques are less reliable than more direct validation
against ground-based soil moisture observations; however, the fact that key conclusions are
supported by both TC and Rvalue evaluation techniques lends extra credence to their validity to
evaluate soil moisture retrievals.
The results further suggest that AMSR (01:30 AM/PM) observations are more sensitive to the
transition from satellite observed LST to re-analysis LST than WindSat (06:00 AM/PM) observations.
This is an important finding, since the current (SMOS) and future (SMAP) satellite both have similar
overpass times (06:00 AM/PM) as the WindSat satellite. The transition from C-band WindSat and
AMSR-E results to L-band SMAP and SMOS is widely expected to yield improved surface soil moisture
retrievals. However, WindSat and AMSR-E retain the advantage of a Ka-band for LST retrievals while
SMAP and SMOS are (or will be) forced to estimate LST from ancillary data (e.g. reanalysis or near
real time data from weather prediction centres). Since, at least for some vegetation types, the use of
this ancillary data appears associated with degradation in retrieval accuracy; a recommendation for
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future studies would be to include SMOS soil moisture retrievals to evaluate the magnitude of these
LST degradations relative to the overall advantages associated with using lower frequency L-band
radiometry to retrieve surface soil moisture. The work presented in this paper could be used as a
framework for such evaluations.
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7 Epilogue
In this Chapter an overview of the main achievements of this study is given. These
achievements are also put in perspective regarding the overall aim to produce the most complete and
consistent long-term global soil moisture data record. Current research activities within the ESA CCI
project relevant for this thesis are discussed briefly and a number of ongoing activities are
summarized and outlined. Finally, a unique feature of this thesis is a certain degree of involvement of
the author in the application and/or development of all available validation techniques for surface
soil moisture. Each of these techniques has advantages and drawbacks, which also depend on the
information of interest to extract from a remotely sensed soil moisture product and were outlined in
this chapter.

7.1 Perspective and achievements
The LPRM started taking form in the early 2000’s and was mainly based on a series of research
activities led by Manfred Owe and the work of Richard de Jeu at NASA GSFC. In the following years,
the LPRM developed, leading to a series of methodological papers. Owe et al. (2001) presented a
methodology for retrieving surface soil moisture and VOD simultaneously using the MPDI, which was
further validated in de Jeu and Owe (2003). A time-efficient, numerical solution for the retrieval of
the VOD from the MPDI was presented in Meesters et al. (2005) and replaced the approximation
trough a series of lengthy polynomials. The application of the LPRM to a series of microwave sensors
onboard various satellite platforms was presented in Owe et al. (2008), and the offline retrieval
algorithm for LST was presented in Holmes et al. (2009).
The work presented in this thesis is a continuation of this work using the earlier developed
methodology as a heritage for further research. First, LST retrievals from the offline algorithm
Holmes et al. (2009) were compared to LST retrievals from MODIS. These two remotely sensed LST
products were also compared to ground based observations from the NAFE’06 research site in the
western part of the Murrumbidgee catchment located in Australia. It was concluded that both
methods show similar accuracy when compared to ground observations. The comparison of the two
products at the same overpass time revealed a strikingly constant relation (Parinussa et al. 2008).
This LST validation study was followed by an extension of the LPRM allowing NRT error estimations of
the remotely sensed soil moisture product. A time-efficient analytical solution was developed using
the partial derivatives of the radiative transfer equation and estimated errors for each individual
input variable. The results were validated using computational intensive Monte Carlo simulations,
and the developed method was applied to the C-, X- and Ku-bands of the AMSR-E sensor (Parinussa
et al. 2011). After that the LPRM was applied to passive microwave observations from the WindSat
passive microwave radiometer. Brightness temperature observations from WindSat were compared
to AMSR-E and adjusted using linear regression. The existing LST retrieval algorithm was adapted to
the overpass times of WindSat. It was shown that soil moisture retrievals from WindSat are
consistent with the existing soil moisture products derived from AMSR-E (Parinussa et al. 2012). Also,
the LPRM was tested using various LST products to get a better understanding of its response to
degraded passive microwave retrievals and to LST products from re-analysis products. The global
impact of replacing LST estimates from passive microwave with those of MERRA was quantified using
two large scale soil moisture evaluation techniques. Also, a very high correlation (R2=0.95) and
consistency was found between the two evaluation techniques (Parinussa et al. 2011). Finally, an
existing method (the SFIM technique) to enhance the spatial resolution of soil moisture retrievals
from passive microwave observations was applied to observations from AMSR-E. Soil moisture
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retrievals from active microwave-, passive microwave and TIR observations were inter-compared
over the Iberian Peninsula at various spatial scales and it was shown that the soil moisture retrievals
from passive microwave observation show better agreement to the other two products after the
application of the SFIM technique (Parinussa et al. In review). Summarized, soil moisture and LST
products from various sources (e.g. passive microwaves, active microwaves, TIR, modelled, in situ)
have been inter-compared at various location using a wide range approaches. An existing retrieval
algorithm, the LPRM, is extended by including a time-efficient method to estimate errors of the soil
moisture product. Also, this retrieval algorithm was tested using several different input LST products
which showed potential improvements over vegetated area’s using the MERRA reanalysis LST
product. In contrast, passive LST products derived from passive microwave products outperformed
the reanalysis product over (semi-) arid regions.
All these achievements, together with contemporary work, used various techniques to validate
remotely sensed soil moisture products. An overview of all available techniques to validate surface
soil moisture was given in this thesis (Chapter 2). These validation techniques include the comparison
to ground based observations, re-analysis data or other products and more complex validation
techniques such as the Rvalue method, Triple Collocation and unsaturated zone modelling. A unique
feature of this thesis is a certain degree of involvement of the author in the application and/or
development of all these techniques. Each of these techniques has advantages and drawbacks at
several different levels, which also depend on the information of interest to extract from a remotely
sensed soil moisture product. Specific applications might require absolute soil moisture levels while
for the majority of the applications a relative measure of soil moisture is sufficient. Also, for many
remotely sensed soil moisture products, experienced users possess the freedom to scale (e.g.
normalization or CDF-matching) these products into their desired dynamic range or to decompose
the soil moisture product into climatology- and anomaly-components. This is also the reason that no
superior statistics to quantify the quality of remotely sensed soil moisture exists (Entekhabi et al.
2010; Liu et al. 2011; Yilmaz and Crow 2012). Table 6 provides an overview of the limitations and
drawbacks of all currently existing soil moisture validation technique. Another technique which is
complementary to the listed (Table 6) validation techniques is error propagation (Naeimi et al. 2009;
Parinussa et al. 2011). Error propagation provides information about how the errors of the input
parameters for soil moisture retrieval models propagate into the final soil moisture output.
Therefore, error propagation provides different information then the listed validation techniques.
Nonetheless, error propagation is an extremely powerful tool for estimating uncertainties for each
individual soil moisture retrieval.
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Validation technique
Comparison to In situ
(Wagner et al. 2007; de Jeu et al. 2008;
Parinussa et al. 2008; Gruhier et al. 2010;
Jackson et al. 2010; Brocca et al. 2011;
Crow et al 2012; Parinussa et al. 2012;
Dorigo et al. In review; Parinussa et al. In
review)

Advantages
-In direct physical contact with the
phenomena of interest
-Possibility to sense the phenomena of
interest ourselves (see and feel it)
-Interpretation is straightforward when spatial
representation is correct
-Commonly used in validation studies
-Available at high temporal resolution
-In situ observations are readily available (e.g.
http://www.ipf.tuwien.ac.at/insitu/)

Comparison to remotely sensed products
 Directly using soil moisture
products. (de Jeu et al. 2008;
Parinussa et al. 2008; Hain et al.
2011; Mladenova et al. 2011;
Parinussa et al. In review)
 Indirectly using other products,
such as vegetation indices or
precipitation. (Dorigo et al 2012)

-Spatial representation of the products
generally agrees
-Products are usually developed having similar
objectives
-Generally
allows
large-scale
(global)
comparisons

Comparison to modelled products
(Rüdiger et al. 2009; Albergel et al. 2010)

-Spatial representation of the products
generally agrees
-Allows global evaluation
-May be available at high temporal resolution
-May integrate information from a wide
variety of sources, including soil moisture
retrievals from remotely sensed observations
-Operate retrospectively, allowing higher
order filtering of uncertainties in various
modules of the land surface model

Rvalue method
(Crow and Zhan 2007; Crow et al. 2010;
Parinussa et al. 2011)

-Agreement in the spatial representation of
the products
-Allows quasi-global evaluation
-Consistency when evaluating the inter-annual
variability
-Mutual consistency with the TC method
-Runs independently from the satellite
observations used for soil moisture retrievals

Triple Collocation
(Stoffelen 1998; Scipal et al. 2008; Crow
and van den Berg 2010; Dorigo et al. 2010;
Miralles et al. 2010; Parinussa et al. 2011)

-Solves for systematic differences in the
climatology
-Technique is applicable to other geophysical
variables
-Consistency when evaluating the inter-annual
variability
-Mutual consistency with the Rvalue method
-Estimates the RMSE
-Flexible in the spatial support
-Flexible in the vertical support
-Runs independently from the satellite
observations used for soil moisture retrievals
(i.e. passive and active microwaves)
-Approach may be used to validate other
geophysical parameters

Unsaturated zone modelling
(Wanders et al. 2012)

Drawbacks
-Often
a
mismatch
in
spatial
representation
-Only few pixels with sufficient
observation density to up-scale to
satellite resolution
-Intrusive
-Vulnerable to processes such as erosion
-Labour intensive
-Expensive
-No uniform measurement protocol
exists
-Quality of all remotely sensed products
shows spatial variation making a
comparison usually not straightforward
-Evidence from additional sources is
desired
-Presence of inter-observational periods
-The use of the indirect products may be
complex to interpret since relations may
be complex
-May use similar information (satellite
observations) since models tend to
integrate information from a wide,
variety of sources
-Evidence from additional sources is
desired
-Complex modelling approaches
-Due to lacking information, in the past
uncertainties in other products were
generally transferred to the unsaturated
zone module
-Physical boundaries (e.g. porosity and
wilting point) may be exceeded in
extreme events such as floods and
droughts
-Requires efforts to run the Rvalue method
-The Rvalue method is only applicable to
soil moisture observations
-Evidence from additional sources is
desired
-API model assumes globally constant
parameterization
-Requires sampling across a large number
of precipitation events (may lose
sensitivity in arid climate regions)
-Relatively easy to run the TC technique
-Requires large samples (>100)
-Error structures in each of the datasets
are substantially uncorrelated
-Evidence from additional sources is
desired
-Errors are expressed in the dynamic
range of the chosen reference dataset
-Requires efforts to run an unsatured
zone model
-Require a wide variety of ground based
observation for calibration and validation
-May lack variation at short timescales as
model is forced using a variety of input
data
-Evidence from additional sources is
desired

Table 6: Overview of validation techniques available for the verification of remotely sensed surface soil moisture
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Each validation technique has advantages and drawbacks and there is no superior statistic to
quantify the quality of remotely sensed soil moisture. Specific application might require specific
information from remotely sensed soil moisture products. For these reason, the validation of
remotely sensed soil moisture products is not straightforward and always involves multiple aspects.
The use of a selection of validation techniques is always preferred and allows for the crossverification of key results. As homogeneity, continuity and sufficient understanding of the quality of
the remotely sensed products are needed for the harmonization of long-term datasets, validation of
remotely sensed soil moisture at the global scale is an important task within ESA’s CCI. The presented
validation techniques as well as the error propagation techniques presented in this thesis (including
their cross-verification) could be used for harmonization of soil moisture datasets and their
associated error estimates.

7.2 Ongoing activities
Recently, a methodology that takes advantages of the retrieval characteristics of space-borne
passive- and active microwave soil moisture estimates was developed (Liu et al., 2012). Combining
surface soil moisture estimates from both microwave systems offers an improved product at the
global scale, having a better spatial coverage and increased number of observations. The developed
merging strategy is based on the use of AMSR-E night- and ASCAT day- and night-time observations,
of which the qualities were determined using the TC verification technique. To improve the spatial
coverage and the number of observations, AMSR-E day-, WindSat day- and night-time observations
could be included in the merging procedure. An ongoing activity will present a global quality
assessment of soil moisture anomalies from these active and passive microwave systems which could
be used for extending the recently developed merging strategy. We will base the analysis on the use
of two different evaluation techniques, the TC and the Rvalue verification technique, and we include
modelling to support the use of soil moisture retrievals from day-time passive microwave
observations. The results from this study may be used for more comprehensive merging strategy as
they suggest that surface soil moisture estimates from day-time passive microwave observations
increase in quality with increasing vegetation cover (Parinussa et al. 2011). In regions where passive
and active products perform similarly well, weighting functions could potentially be derived using
results from this study.

Figure 29: Preliminary results using two large scale verification techniques in quantifying the impact of observation time on
soil moisture retrievals from the AMSR-E (passive) and ASCAT (active) systems.
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A similar approach will be applied to soil moisture retrievals from 3 different frequencies
observed by the AMSR-E sensor. Low frequency observations have the most sensitivity to soil
moisture therefore the harmonized soil moisture data record always uses the lowest available
(uncontaminated) passive microwave observation available to retrieve surface soil moisture. In
absence of C-band observations in between the SMMR and AMSR-E era’s, soil moisture retrievals
from the X-band (TRMM) and Ku-band (SSM/I) period sensors are used in the period from 1987 to
2002. To better understand the quality of the remotely sensed soil moisture products retrieved from
these frequencies, we apply the large-scale verification techniques to soil moisture retrievals from
the C-, X- and Ku-band as observed by the AMSR-E. Again, weighting functions could potentially be
derived using results from this study.

7.3 Follow on research
Follow on research will be performed and the first version the harmonized soil moisture
dataset will be improved with the active involvement of a broad scientific community. As several
algorithms to retrieve soil moisture from space-borne passive microwave observations exist (Section
1.1.1), the Round Robin for algorithm comparison and product validation will be an important activity
within ESA’s CCI project. Within this Round Robin, the ESA CCI team engaged the international
scientific community to provide soil moisture datasets based on their specific retrieval algorithms to
compare the available products. Each of these algorithms has strengths and weaknesses, therefore it
is expected that the quality of the individual products may vary per climate region when evaluating
such datasets at the global scale. Most likely, this round robin for passive (as well as active)
microwave observations will not present a clear winner and a community model, which integrates
the strengths of the individual algorithms, would lead to superior results.
To aim for this goal, several methods to characterise the quality in these remotely sensed soil
moisture datasets may be applied. In this thesis, a wide range of approaches are touched (Section
1.1.2), however each of these approaches also have their unique characteristics. Unfortunately, there
is no superior statistics (Entekhabi et al. 2010; Liu et al. 2011; Yilmaz and Crow 2012) to quantify the
quality of remotely sensed soil moisture, however specific applications might require rely on a
dominant statistic. Moreover, for the majority of the applications and/or data assimilation
techniques that use remotely sensed soil moisture data the skill to capture the temporal variability of
soil moisture is arguably the most important indicator of utility. Especially for data assimilation it is a
prerequisite to minimize systematic differences (Reichle and Koster 2004), often by removing the
climatology and scaling the anomalies to match the models climatology (e.g. by cumulative
distribution function (CDF)-matching).
Also, a valuable extension of the harmonized global soil moisture data record is the addition
of the uncertainties of this soil moisture data record. Recent developments in error propagation
techniques in the active- (Naeimi et al. 2009) and passive fields (Chapter 5), combined with
sophisticated, robust harmonization and verification using the wide range of available approaches
(Section 1.1.2) may lead to such an uncertainty data record spanning the multi-decadal period of
global microwave observations.
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Summary
All observations are subject to measurement uncertainty which reflects the lack of exact
knowledge of the quantity being observed by the measurement. Without the knowledge of this
uncertainty, any measurement is virtually meaningless. However, it is not always straightforward to
estimate the uncertainty of a measurement. This thesis describes several methods to derive the
uncertainty of satellite derived soil moisture, the amount of water in the uppermost layer of the soil.
Soil moisture is considered to be one of the keys to our understanding of the interaction between
the land surface and the atmosphere as it determines the partitioning of energy between the heat
and water fluxes. It plays an important role in meteorology, hydrology, ecology and biogeochemistry.
Improved understanding of uncertainty values for soil moisture allows further improvement of our
weather- and climate-forecasts systems as well as for crop yield predictions, flood forecasting and
drought monitoring. Determination of soil moisture fields and the associated uncertainty, which
varies both in space and time, will ultimately help us to enhance our understanding of the global
water cycle and its response to anthropogenic warming.
The determination of soil moisture from space-borne remote sensing observations has always
been linked to validation activities in order to evaluate their quality. Over the years several
approaches were developed such as the comparison to ground based observations, comparison to
land surface models or other remotely sensed products, the Rvalue verification technique, the Triple
Collocation (TC) technique and unsaturated zone modelling. In this thesis these different verification
techniques are applied, evaluated, further developed and/or extended with the aim to improve the
determination of soil moisture products and provide the associated uncertainties. The different
validation techniques have been applied to soil moisture data in numerous studies and each of these
techniques has both advantages and drawbacks. The collection of ground based observations is often
labour-intensive and therefore time-consuming and costly. Another disadvantage is the spatial
representation of soil moisture within a satellite footprint, which is only well known for a handful of
sites worldwide. Over the last couple of years several alternative verification techniques have been
developed which are applicable at the regional- to global- scale. These verify remotely sensed soil
moisture at their native spatial resolution. This thesis presents an attempt to further enhance the
credibility of such large-scale evaluations by comparison with independent multiple other metrics.
The work presented in this thesis is a continuation of the work using the Land Parameter
Retrieval Model (LPRM) and its database. The output from the land surface temperature algorithm
was compared to a land surface temperature product from the MODerate resolution Imaging
Spectro-radiometer (MODIS) and ground based observations for a catchment in Australia. This
validation study was followed by an extension of the LPRM allowing error estimations of the
remotely sensed soil moisture product. Also the LPRM was applied to passive microwave
observations from the WindSat passive microwave radiometer. It was shown that soil moisture
retrievals from WindSat are consistent with the existing soil moisture products derived from AMSR-E.
Also, the LPRM was tested using various land surface temperature products to get a better
understanding of the response to degraded passive microwave retrievals and to land surface
temperature products from re-analysis products. This serves as preparation for the application to the
future Soil Moisture Active and Passive (SMAP) mission. A very high correlation (R2=0.95) and
consistency at the global scale was found between two of the evaluation techniques, the Rvalue and
the TC verification techniques. Finally, an existing method (Smoothing Filter-based Intensity
Modulation; SFIM) to enhance the spatial resolution of soil moisture retrievals from passive
microwave observations was applied to observations from AMSR-E. Soil moisture retrievals from
active microwave-, passive microwave and TIR observations were inter-compared over the Iberian
Peninsula at various spatial scales and it was shown that the soil moisture retrievals from passive
microwave observation show better agreement to the other two products after the application of
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the SFIM technique.
The work presented in this thesis forms a solid basis for integrating soil moisture retrievals from
passive microwave observations into a long term soil moisture database developed within the
European Space Agency - Climate Change Initiative for soil moisture. This project aims for the most
complete and consistent global soil moisture data record based on all available passive and active
microwave observations currently spanning in total almost 35-years. This thesis has contributed to
the determination of uncertainty of these remotely sensed soil moisture products that aim to further
improve existing retrieval approaches. It also provides potential users with temporally and spatially
varying uncertainty determinations of remotely sensed products.
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Samenvatting
Diverse methoden die de meetonzekerheid in bodemvocht producten kunnen bepalen zijn
beschreven, toegepast en uitgebreid in dit academisch proefschrift. Geen enkele observatie is
volledig accuraat aangezien er in elke gemeten waarde altijd een bepaalde mate van
meetonzekerheid zit als gevolg van onvolkomenheden. Bij gebrek aan kennis over deze
meetonzekerheid heeft een meting geen betekenis. Het is niet altijd een eenvoudige taak om de
onzekerheid van een meting te bepalen. In dit academisch proefschrift richt ik me op bodemvocht
producten die met behulp van satelliet observaties zijn bepaald, met de intentie om ook de
meetonzekerheden op globale schaal te kunnen bepalen. Bodemvocht, de hoeveelheid water in de
bovenste laag van de bodem, wordt beschouwd als een zeer belangrijke component wanneer we de
interactie tussen het landoppervlak en de atmosfeer bestuderen, aangezien het de inkomende
energie verdeelt en daarmee ook zijn invloed heeft op de verdeling van het water. Bodemvocht heeft
daardoor een belangrijke rol in de meteorologie, hydrologie, ecologie en biogeochemie. Het
verbeteren en toevoegen van onderzekerheden aan de bodemvochtproducten zal leiden tot
verbeteringen van onze weer- en klimaat voorspellingen, betere voorspellingen voor de opbrengst
van gewassen in de landbouw, en ook het voorspellen van overstromingen en het monitoren van
droogtes. Het schatten van bodemvocht en de daarbij behorende onzekerheden zullen uiteindelijk
zorgen voor verbeterde kennis op het gebied van onze globale waterhuishouding. Menselijke
activiteiten dragen bij aan een veranderd klimaat op onze Aarde en dit soort producten kunnen ons
helpen om deze menselijke bijdrage aan klimaatverandering te bepalen.
De schattingen van bodemvocht aan de hand van satelliet observaties moeten altijd gevalideerd
worden om de kwaliteit van de metingen te kunnen bepalen. Door de jaren heen zijn hiervoor
diverse methoden ontwikkeld, zoals vergelijkingen met grond-observaties, gemodelleerde data, of
met observaties van andere satellieten. Verder kunnen de zogenaamde Rvalue verificatie techniek, de
Triple Colllocatie techniek en het modelleren van de onverzadigde zone gebruikt worden. In dit
academisch proefschrift zijn al deze technieken toegepast, uitvoerig geëvalueerd, verder ontwikkeld
en/of verbeterd met als doel om de bodemvochtproducten te verbeteren en de onzekerheden van
deze producten te produceren. Deze validatie technieken zijn in diverse studies toegepast en er is
aangetoond dat elke techniek specifieke voor- en nadelen heeft. Zo is bijvoorbeeld het verzamelen
van grond-observaties erg arbeidsintensief en daardoor ook erg prijzig. Bovendien vormt de
complexiteit van de ruimtelijke verdeling van het bodemvocht een nadeel, aangezien het erg lastig is
om dit goed in kaart te brengen met behulp van grond-observaties. Deels hierdoor zijn er wereldwijd
slechts enkele locaties beschikbaar waar grond-observaties goed bruikbaar zijn. De laatste jaren zijn
er echter diverse alternatieven ontwikkeld die toepasbaar zijn op zowel globale- als regionale schaal,
en die de kwaliteit van de bodemvocht producten evalueren op hun originele ruimtelijke resolutie. In
dit academisch proefschrift worden al deze technieken behandeld en proberen we onze resultaten
ook te verifiëren gebruik makend van een combinatie van verschillende technieken.
De werkzaamheden gepresenteerd in dit academisch proefschrift borduren voort op eerder
werk waarbij gebruik wordt gemaakt van het zogenaamde Land Parameter Retrieval Model (LPRM)
en een bestaande database. De methode om de oppervlakte temperatuur te bepalen is gevalideerd
met een verschillend satelliet product en tevens met grond-observaties voor een gebied in Australië.
Na deze validatie studie hebben we het LPRM uitgebreid met een methode om naast het
bodemvocht product ook de onzekerheden te produceren. Vervolgens is er een methode ontwikkeld
om satelliet observaties van de WindSat sensor te gebruiken waarbij er consistentie tussen diverse
datasets is laten zien. Verder zijn er nog verschillende testen uitgevoerd om de gevoeligheid van het
model voor de effecten van oppervlaktetemperatuur te bepalen. Diverse scenario’s zijn getest als
voorbereiding voor de toekomstige satelliet missie genaamd Soil Moisture Actief en Passief (SMAP).
Hierbij zijn tevens verschillende verificatie technieken gebruikt waarbij een extreem hoge
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overeenkomst tussen de Rvalue en de TC verificatie technieken (R2=0.95) is gevonden. Tot slot is er een
bestaande methode (Smoothing Filter-based Intensity Modulation; SFIM) om de ruimtelijke resolutie
van de satelliet beelden te verbeteren toegepast op passieve microgolven observaties, waarna we
met deze ruimtelijk verscherpte beelden bodemvocht producten hebben gegenereerd. Het hogere
ruimtelijke resolutie product is voor het Iberisch schiereiland vergeleken met twee andere producten
die gebruik maken van actieve microgolven en thermisch infrarood, waarbij is aangetoond dat het
passieve microgolven product met een hogere ruimtelijke resolutie meer op de andere twee
producten lijkt dan het product op de lagere ruimtelijke resolutie.
Het werk wat in dit academisch proefschrift gepresenteerd is vormt, samen met vergelijkbare
onderzoeksresultaten, een solide basis om bodemvocht producten afkomstig van passieve
microgolven te integreren in een lange termijn database. Deze database wordt momenteel
ontwikkeld binnen een project van de Europese Ruimtevaart Organisatie (ESA) getiteld ‘Climate
Change Initiative’. Het doel van dit project is om een consistente en zo compleet mogelijke database
te produceren van bodemvocht observaties afkomstig van systemen die werken aan de hand van
actieve en passieve microgolven. Momenteel beslaat deze database in totaal bijna 35 jaar. Dit
academisch proefschrift richt zich in het bijzonder op de onzekerheden van de verschillende
producten met als doel om niet alleen een lange termijn bodemvocht dataset te produceren, maar
ook om de onzekerheden van dit product te bepalen. Deze onzekerheden variëren in de tijd en
ruimte en zijn tevens afhankelijk van de verschillende satelliet systemen die er door de jaren heen
zijn gebruikt.
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