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Abstract
Though soil moisture might take up only a small amount of water in the hydrological cycle, it is crucial for various important processes, not the least of
which is sustaining plant life and thus food production. A surplus or lack of
water on land and in the soils can lead to floods and droughts, and affect vegetation. Also, through its influence on the partitioning of latent and sensible
heat at the land surface, low soil moisture conditions have been linked to the
occurrence and persistence of extreme temperatures in many regions of the
world. In addition, precipitation and air temperature forecasts show improvement when initialized with realistic soil moisture conditions, and streamflow
and flood prediction can be improved by employing even coarse scale resolution soil moisture estimates in discharge models. It is therefore no wonder
that in 2010 soil moisture was recognized as an Essential Climate Variable
(ECV) by the Global Climate Observing System (GCOS) program. In this
same year, the European Space Agency (ESA) Climate Change Initiative
(CCI) soil moisture project was initiated, a project dedicated to producing
“the most complete and most consistent global soil moisture data record based
on active and passive microwave sensors”. The aim of this thesis is not a direct validation of the CCI soil moisture product with e.g. ‘ground truth’ data.
Instead I set out to show its value for climate studies, by confronting the data
set with various climate application, answering three main questions.
In Chapter 2 of this thesis I set out to determine the footprint of a soil
moisture measurement by assessing the spatial representativeness of the temporal dynamics of absolute soil moisture and its temporal anomalies over
North America for in situ, remote-sensing (CCI-SM), and land surface model
based (ERA-Land) soil moisture estimates. The applied method allows for
quantifying and comparing the spatial footprint of the individual soil moisture estimates. Results show that at the in situ locations the CCI-SM and
ERA-Land products perform similarly for absolute soil moisture, while for
the temporal anomalies the CCI-SM product shows more similarity in spatial representativeness with the in situ data. For the fully gridded products,
the largest differences in spatial representativeness are found for the absolute values. Differences in spatial representativeness between products can
be related to some of their intrinsic characteristics. An example is the low
similarities in spatial representativeness between CCI-SM and ERA-Land in
topographically complex terrains and areas with dense vegetation. These are
v

areas in which remote sensing of soil moisture is the most challenging while
in ERA-Land smoothed model topography and surface properties affect soil
moisture and its spatial representativeness.
In Chapter 3 the the long lead time predictability (i.e. one to five months)
of soil moisture dynamics is assessed at the global scale. The analysis is
performed on two independent global soil moisture products, satellite remotesensing observations from CCI-SM, and land surface model estimates from
ERA-Land. By applying a two step approach, using first persistence only
as predictor and then including three teleconnection indices indicative of
the main northern (NAO), tropical (SOI) and southern (AAO) atmospheric
modes of variability, the added value of large-scale atmospheric drivers in
addition to soil moisture persistence only could be assessed. Results show
significant skill in predicting soil moisture variability for many regions of the
world, with lead times up to five months. As lead times increase, large-scale
atmospheric drivers play an increasingly important role, and areas influenced
by teleconnection indices show higher predictability. This long lead time
predictability of soil moisture may help to improve early warning systems for
important natural hazards, such as heatwaves, droughts, wildfires and floods
and their related impacts.
In Chapter 4 the impact of soil moisture deficits on the climate system are
investigated by studying the relationship between extreme dry soil moisture
conditions and climate variables such as temperature, precipitation, evapotranspiration and vegetation activity, quantified using drought event composite analysis. The results are then summarized, differentiating between five
distinct climate classes and land cover types. A relationship is found between
extreme dry soil moisture conditions and all investigated climate variables.
A delayed response found in vegetation activity is likely linked to roots accessing deeper soil layers, which are not (yet) water limited. In temperate
wet climates droughts are preceded by a precipitation deficit, while in other
regions droughts often take place during anomalously hot years. There are
strong regional and seasonal differences, with the strongest relationship in
temperate wet climates. This identification of drought sensitive areas can
have implications for mitigation and adaptation strategies
CCI-SM played a central role in the three studies presented in this thesis,
and the results highlight the potential for satellite remote-sensing based soil
moisture in climate related studies. The release of the next data set (v3.2)
is imminent, promising even further improvements as well as an extension of
the temporal coverage until December 2015.
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Zusammenfassung
Obwohl die Bodenfeuchte nur einen kleinen Teil des gesamten Wassers im
Wasserkreislaufs ausmacht, ist sie von grosser Bedeutung für eine Vielzahl
von Prozessen, nicht zuletzt insbesondere solche, die von Bedeutung für die
Pflanzenaktivität und die Lebensmittelproduktion sind. Ein Überschuss oder
Mangel an Wasser auf Land und in den Böden kann zu Überschwemmungen
und Dürren führen und hat Auswirkungen auf die Vegetation. Durch den
Einfluss der Bodenfeuchte auf die Partitionierung der latenten und fühlbaren
Wärmeflüsse an der Landoberfläche wird auch das Auftreten und die Persistenz extremer Temperaturen unter Bedingungen niedriger Bodenfeuchte in
vielen Regionen der Welt beeinflusst. Darüber hinaus werden Vorhersagen
des Niederschlags und der Temperatur verbessert, wenn sie mit realistischen
Bodenfeuchtebedingungen initialisiert werden. Abfluss- und Hochwasservorhersagen durch hydrologische Modelle können ferner selbst durch die Einbeziehung grob-aufgelöster Bodenfeuchteschätzer verbessert werden. Daher
ist es nur folgerichtig, dass die Bodenfeuchte im Jahr 2010 als “Essential
Climate Variable” (ECV) innerhalb des “Global Climate Observing System”Programms (GCOS) anerkannt wurde. Im selben Jahr wurde durch die Europäische Raumfahrtagentur (ESA) das Climate Change Initiative (CCI) Bodenfeuchteprojekt ins Leben gerufen, mit dem Ziel “den vollständigsten und
einheitlichsten Datensatz globaler Bodenfeuchtedaten basierend auf aktiven
und passiven Mikrowellensensoren” zu generieren. Das Ziel der vorliegenden
Dissertation ist nicht eine direkte Validierung des CCI Bodenfeuchtedatensatzes (CCI-SM) mit bspw. Bodenmessungen. Stattdessen setze ich mir als
Ziel, den Wert der CCI Bodenfeuchtedaten für Klimastudien aufzuzeigen.
In der ersten Studie wird die räumliche Repräsentativität unterschiedlicher
Bodenfeuchteschätzer (in-situ und fernerkundungsbasierte Beobachtung sowie modellbasierte Schätzer) untersucht. Die zweite Studie beurteilt die Vorhersagbarkeit der Bodenfeuchtedynamik im globalen Massstab, während in
der dritten Studie der Einfluss extrem trockener Bodenfeuchtebedingungen
auf Temperatur, Niederschlag, Verdunstung und Vegetationsaktivität quantifiziert wird.
In Kapitel 2 der vorliegenden Dissertation wird die räumliche Repräsentativität der zeitlichen Dynamik der absoluten Bodenfeuchte und der zeitlichen
Anomalien über Nordamerika für in-situ und fernerkundungsbasierte (CCISM) Bodenfeuchtedaten und für Bodenfeuchteschätzungen basierend auf eivii

nem Landoberflächenmodell (ERA-Land) untersucht. Der verwendete methodische Ansatz ermöglicht es, den räumlichen Footprint der einzelnen Bodenfeuchteschätzungen zu quantifizieren und zu vergleichen. Unsere Ergebnisse
zeigen, dass an den in-situ Messstandorten die CCI-SM und ERA-Produkte
in Bezug auf die absoluten Bodenfeuchtewerte eine ähnliche Güte zeigen, während für die zeitlichen Anomalien das CCI-SM Produkt mehr Ähnlichkeit mit
der räumlichen Repräsentativität der Stationsmessdaten zeigt. Für die gegitterten Datenprodukte findet man die grössten Unterschiede in der räumlichen
Repräsentativität für die Absolutwerte der Bodenfeuchte. Die Unterschiede
in der räumlichen Repräsentativität der Bodenfeuchte zwischen den Datenprodukten können auf einige ihrer spezifischen Eigenschaften zurückgeführt
werden. Ein Beispiel dafür ist die geringe Gemeinsamkeit in der räumlichen
Repräsentativität zwischen CCI-SM und ERA-Land in Regionen mit komplexer Topographie und in Regionen mit dichter Vegetation, d.h. in Regionen
in denen die Fernerkundung der Bodenfeuchte eine grosse Herausforderung
darstellt, während in ERA-Land die geglätteten Modelleigenschaften in Bezug auf Topographie und Oberflächeneigenschaften, Bodenfeuchteschätzungen und die die entsprechende räumliche Repräsentativität beeinflussen.
In der zweiten Studie (Kapitel 3) wird die lange Vorlaufzeit der Vorhersagbarkeit der Bodenfeuchtedynamik im globalen Massstab untersucht, mit
Schwerpunkt auf Vorlaufzeiten oberhalb der synoptischen Zeitskala (d.h. zwischen 1 bis 5 Monaten). Die Unterscheidung zwischen dem Einfluss der Persistenz der Bodenfeuchte und grossräumiger, atmosphärischer Prozesse erfolgt
durch einen zweistufigen Ansatz, indem zunächst nur die Persistenz für die
Vorhersage benutzt wird und nachfolgend drei Telekonnektionsindizes, welche
die wichtigsten Modi der atmosphärischen Variabilität repräsentieren (NAO,
SOI, AAO), in die Vorhersage mit einbezogen werden. Die Studie beruht auf
zwei unabhängigen, globalen Bodenfeuchtedatensätzen, zum Einen auf Basis
von Satellitenbeobachtungen (CCI-SM) und zum Anderen auf Basis von Modellberechnungen der Landoberfläche (ERA-Land). Die Ergebnisse zeigen die
Möglichkeit auf, die Bodenfeuchtevariabilität für viele Regionen der Welt mit
Vorlaufzeiten von bis zu fünf Monaten aussagekräftig vorherzusagen. Bei Verlängerung der Vorlaufzeiten spielen grossräumige, atmosphärische Prozesse
eine zunehmend wichtige Rolle und Regionen, die von Telekonnektionsindizes
beeinflusst werden, zeigen eine höhere Vorhersagbarkeit. Die lange Vorlaufzeit
in Bezug auf die Vorhersagbarkeit der Bodenfeuchte könnte helfen, Frühwarnsysteme für bedeutende Naturgefahren wie Hitzewellen, Dürren, Waldbrände
und Überschwemmungen zu verbessern.
Die letzte Studie (Kapitel 4) untersucht den Einfluss von extrem trockenen Bodenfeuchtebedingungen auf die Temperatur, den Niederschlag, die
Verdunstung und die Vegetationsaktivität. CCI-SM wird verwendet um Trockenperioden zu bestimmen, worauf der Einfluss solcher Trockenperioden
auf das entsprechende Dürreereignis mithilfe von „drought event composites“
quantifiziert wird. Letztlich wird dieser Einfluss zusammengefasst indem zwiviii

schen fünf verschiedenen Klimaklassen und verschiedenen Bodenbedeckungstypen unterschieden wird. Perioden extrem niedriger Bodenfeuchte beeinflussen alle untersuchten Variablen, wobei der Einfluss in gemässigten, feuchten
Regionen am stärksten ist. In diesen Regionen geht Dürren ein Niederschlagsdefizit voraus, während es in anderen Regionen oft in ausserordentlich heissen
Jahren zu Dürren kommt. Weiterhin ist die verzögerte Reaktion der Vegetationsaktivität höchstwahrscheinlich auf die Tatsache zurückzuführen, dass
Wurzeln tiefere Bodenschichten erreichen, in welchen das vorhandene Bodenwasser (noch) nicht limitiert ist.
Das CCI-SM Datenprodukt spielt eine zentrale Rolle in den drei im folgenden vorgestellten Studien und die Ergebnisse unterstreichen das Potenzial
dieses Datensatzes für die Verwendung im Rahmen klimabezogener Studien.
Die Veröffentlichung der nächsten Version des Datensatzes (v3.0) steht unmittelbar bevor und beinhaltet weitere Verbesserungen sowie eine Erweiterung
der zeitlichen Abdeckung bis Dezember 2015.
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Introduction
1.1

Motivation

Water is essential for life and can be found on Earth in all its physical phases,
liquid, solid and gaseous, and in all the mayor environments, the atmosphere,
the seas and oceans and the land masses [Hillel, 2003]. Figure 1.1 shows the
movement of water through different reservoirs in what is called the hydrological cycle. Compared to the mayor reservoirs, ocean, ice, and groundwater,
soil moisture makes up only a small amount [Trenberth et al., 2007], it is
however crucial for various important processes, not the least of which is
sustaining plant life and thus food production [Hillel, 2003; WMO, 2008].
Soil moisture directly influences the water, energy and biogeochemical cycles through land-atmosphere interactions (see e.g., Seneviratne et al., 2010,
for a review). A surplus or lack of water on land and in the soils can lead
to floods and droughts, which can have significant economical, agricultural
and societal consequences. Low soil moisture conditions not only affect vegetation, reducing photosynthetic activity and gross primary production [e.g.,
Reichstein et al., 2007; Zscheischler et al., 2013, 2014b], they have also been
linked to the occurrence and persistence of extreme temperatures in many
regions of the world [e.g., Fischer et al., 2007b,c; Hirschi et al., 2011; Mueller
and Seneviratne, 2012; Miralles et al., 2014a]. Additionally, precipitation and
air temperature forecasts show improvement when initialized with realistic
soil moisture conditions [Van den Hurk et al., 2010; Koster et al., 2010b],
while streamflow and flood prediction can be improved by employing even
1
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Figure 1.1: The hydrological cycle. Estimates of the main water reservoirs, given
in plain font in 103 km3 , and the flow of moisture through the system, given in
slant font (103 km3 yr≠1 ), From Trenberth et al. [2007].

coarse scale resolution soil moisture in discharge models [Brocca et al., 2012;
Koster et al., 2010a].
In 2010 the Global Climate Observing System (GCOS) program recognized soil moisture as an Essential Climate Variable (ECV) [Mason et al.,
2005; Bojinski et al., 2014]. To contribute to the data bases collecting ECVs
the European Space Agency (ESA) initiated the Programme on Global Monitoring of ECVs, better known as the Climate Change Initiative (CCI). The
CCI soil moisture project is part of this initiative and is dedicated to “produce
the most complete and most consistent global soil moisture data record based
on active and passive microwave sensors” (www.esa-soilmoisture-cci.
org). Currently. the CCI soil moisture data set covers a 35 year period,
and is a promising data set for climate applications due to its unprecedented
temporal and spatial coverage. However, to what degree it can be exploited
has not yet been documented. In this thesis I set out to confront the CCI
soil moisture data set with various climate applications showing its value for
climate studies (Chapters 2–4). However, before that I will start with a general introduction to soil moisture and its key role within our climate system
(Section 1.2). Followed by Section 1.3, which introduces in situ, land surface model based, and remote-sensing based soil moisture data. Section 1.4
focuses on the CCI soil moisture data set specifically, as it forms the basis
for the studies presented in Chapters 2–4. The last section of this chapter
(Section 1.5) summarizes the objectives and provides an outline of this thesis.

1.2. SOIL MOISTURE

1.2
1.2.1

3

Soil Moisture
Basic Definitions and Characteristics

The term soil moisture generally refers to the amount of water stored in the
unsaturated zone [Hillel, 2003; Seneviratne et al., 2010]. In simplest terms
the unsaturated zone, or vadose zone, is the zone between the water table and
the land surface, which can be rather shallow or hundreds of meters thick.
Unlike the saturated zone, pore space in the unsaturated zone is filled by
both air and water. As such, soils in the unsaturated zone are comprised of
three phases, the solid phase (the soil matrix), the liquid phase (soil water),
and the gaseous phase (air) [Hillel, 2003].
Excluding organic matter, the solid phase of a soil (or the soil matrix)
is composed of mineral matter and is traditionally classified according to
its soil texture, i.e. particle sizes of the elements that it is made up of
(sand, silt and clay). An example for this are the twelve mayor soil texture
classifications used by the United States Department of Agriculture (USDA),
which are distinguished using a soil textural triangle (Figure 1.2a). The
composition of a soil greatly influences its mechanical properties, like porosity,
hydraulic conductivity and water retention, e.g., the hydraulic conductivity
for soils comprised mostly of either sand or clay differs greatly [Domenico
and Schwartz, 1998; Hillel, 2003].
In the unsaturated zone, it is the liquid phase of the soil (or soil moisture) that supplies plant roots with water and nutrients. Soil moisture content controls plant growth through its effects on physical aspects of a soil
(mechanical resistance, soil temperature and soil aeration) and soil biogeochemistry (microbial activity, nitrogen mineralization, nitrogen and carbon
cycling) [Robinson et al., 2008]. Soil moisture in the unsaturated zone also
recharges our groundwater reservoirs through percolation of precipitation to
the saturated zone or aquifers. Here flow rates are controlled by gravitational force (independent of soil moisture content) and by the gradient of the
pressure potential (dependent on soil moisture content) [Hillel, 2003].
Soil moisture is often defined as per-mass or per-volume. Volumetric
water content (◊ in m3 /m3 ) is an example of a per-volume definition, and is
defined as the ratio of the volume of water (Vw ) in the total soil volume (V t):
◊=

Vw
Vw
=
Vt
Vs + V w + V a

(1.1)

Here Vt is the sum of the volumes of the solids (Vs ), water (Vw ), and air (Va ),
with the maximum soil moisture content (saturation) being equal to porosity
[Hillel, 2003]. Soil moisture can also be defined in relation to porosity, this
is termed degree of saturation (◊s = ◊/◊sat ), and indicates the fraction of
pore volume that is filled with water. Alternatively soil moisture can be
defined through its potential to hold onto water, or matric potential. As
water drains from a soil, first the relatively large pores empty, but over time

4
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(a) Soil textural triangle

(b) Soil moisture retention curve

Figure 1.2: (a) Soil textural triangle, with the fractions of sand, silt and clay
for the basic texture classes as used by the USDA. Image obtained from: http:
//www.nrcs.usda.gov. (b) Relationship between water potential (pressure head,
h in cm) and volumetric soil moisture content according to Eq. 1.2 for sand,
silt, clay and a wetting and drying loam. Parameter values taken from [Van
Genuchten, 1980] and www.bgr.bund.de. Grey band indicates the approximate
range for field capacity (between ≥1.8 to 2.5 pF) and the grey dashed line wilting
point (≥4.2 pF)

the water that remains in the smaller pores is held at increasing tension, thus
increasing matric potential with decreasing soil moisture content [Domenico
and Schwartz, 1998; Hillel, 2003].
The soil moisture retention curve (Figure 1.2b) relates water content to
matric potential. Its shape is dependent on soil texture and differs for e.g.,
sandy or clayey soils, but also on whether the soil is drying or wetting (hysteresis). Van Genuchten [1980] describes the relationship according to:
◊ = ◊r +

(◊s ≠ ◊r )
[1 + (–h)n ]m

(1.2)

Here ◊ is volumetric water content, ◊r and ◊s are residual and saturated soil
moisture content respectively, h is pressure head in cm, and –, n and m are
fitting parameters (with m = 1 ≠ 1/n). At both extremes, small changes in
soil moisture lead to large changes in matric potential. Some related practical
definitions here are field capacity and permanent wilting point, both are
indicated in Figure 1.2b. Field capacity is generally defined as the amount
of water that cannot be easily removed by gravitational forces (≥1.8 to 2.5
pF, where pF is the logarithm of the pressure head), and permanent wilting
point is the soil moisture content at which plant roots can no longer extract
water from the soil (≥4.2 pF but dependent on vegetation type) [Seneviratne
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et al., 2010]. Both field capacity and permanent wilting point are expressed in
terms of matric potential, therefore the corresponding soil moisture content
depends on the soil type and whether the soil is drying or wetting (hysteresis).
For example, the volumetric water content corresponding to wilting point for
a sandy soil is much lower than that for clayey soils.

1.2.2

The Global Water and Energy Cycle

The Hydrological Cycle
The hydrological or water cycle, Figure 1.1, is a closed system and water
does not leave the Earth but is recycled through its different reservoirs. The
ocean contains approximately 97% of all the water, dwarfing all other reservoirs. It provides the largest flux of moisture to the atmosphere, of which
approximately 90% will rain out over the ocean. The rest is transported to
land where it rains out, and provides input to rivers and lakes, and through
the processes of infiltration and percolation to soil moisture and groundwater. Evaporation of water from soil, water bodies and interception surfaces,
and transpiration from vegetation provides the largest moisture flux to the
atmosphere, highlighting the importance of water recycling over land. Other
major reservoirs of water are ice and groundwater, together making up almost 3% of the water budget. Rivers and lakes, and soil moisture each take
up about 0.01%, and permafrost around 0.002%, leaving a mere 0.001% of
the total global water budget for the atmosphere.
Process like precipitation, infiltration, percolation, runoff, drainage, evaporation, and plant uptake, happen everywhere on land. However, their exact
nature depends on the local climate conditions. For example, over saturated
soils water will not infiltrate but run off, and the same counts for extremely
dry soils. Also, areas with large precipitation deficits might show small daily
fluctuations, but large spikes when the rainy season starts. While transient
climates might show much larger day to day variability.
The Energy Budget
The global (land plus ocean) annual mean energy budget is shown in Figure 1.3, representing present day climate conditions at the beginning of the
twenty-first century. The incoming short-wave solar radiation, is first partly
reflected, scattered and absorbed by the atmosphere. The fraction that
reaches the earth (SWin ) is either reflected, depending on the albedo (–)
of the surface (SWout = SWin · –), or absorbed by the Earth’s surface. As
a function of its temperature, the Earth’s surface emits long-wave thermal
radiation (LWout ), which is partly absorbed by greenhouse gasses in the atmosphere (and consequently partly re-emitted downwards, LWin ) and partly
radiated out. Balancing the incoming and outgoing energy according to:
Rn = SWin ≠ SWout + LWin ≠ LWout = SWnet + LWnet

(1.3)
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Figure 1.3: Schematic diagram of the global (land and ocean) annual mean energy balance of the Earth. Numbers indicate best estimates for the magnitudes
of the globally averaged energy balance components together with their uncertainty ranges in parentheses, representing present day climate conditions at the
beginning of the twenty-first century. The surface thermal upward flux contains
both the surface thermal emission and a small contribution from the reflected
part of the downward thermal radiation. Units Wm≠2 . From [Wild et al., 2015]

we find that not all energy is emitted back, i.e. LWnet < SWnet . The
remaining term (Rn ) is the net radiation, and it is this remaining energy that
is available for evapotranspiration or heating the Earth’s surface. Lastly, in
Figure 1.3 an excess energy term of 0.6 Wm≠2 is shown, so far this excess
energy has been predominantly absorbed into the oceans, but is also partly
used for melting sea and land ice, warming the land surface and warming and
moistening the atmosphere [Wild et al., 2013, 2015; Trenberth et al., 2014].
The Land Water and Energy Balance
Mass and energy must follow the law of conservation of mass and the law
of conservation of energy, which state that mass and energy can neither
be destroyed nor created. Starting with mass this means, that for a given
volume of soil adding water must increase soil moisture, while extracting
water decreases soil moisture. Following Hillel [2003], we can write the water
balance as:
( S+

V ) = (P + I + U ) ≠ (R + D + E + Tr )

(1.4)

On the left hand side of the equation, S is the change in root-zone soil
moisture storage, and V the change of water in vegetative biomass. On
the right hand side water is gained through precipitation (P ), irrigation (I)
and upward capillary flow (U ). While water is lost through runoff (R), downward drainage (D), direct evaporation (E), and plant transpiration (Tr ).
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Figure 1.4: Schematic of the land water balance (left) and land energy balance
(right) for a given surface soil layer. dS/dt refers to the change in water content
within the layer (soil moisture, surface water, snow; depending on the depth of
the layer, this may include ground water changes), while dH/dt refers to the
change of energy within the same layer. SWnet refers to the net shortwave
radiation (SWin ≠ SWout ) and LWnet refers to the net longwave radiation
(LWin ≠ LWout ). Note that H2 O and CO2 refer to atmospheric water vapour
and atmospheric CO2 and their role as greenhouse gases. For simplicity other
greenhouse gases are not indicated on the figure. From Seneviratne et al. [2010].

Precipitation (sometimes irrigation) is generally the largest contributor to
water gains. Water loss is split between evaporation and plant transpiration (together termed evapotranspiration, ET ) and runoff, each contributing
approximately 65% and 35% respectively (Figure 1.1).
Like the water balance, energy too can be written as a balance. Assuming
and infinitesimally small layer where the heat storage tends to zero the land
energy balance can be expressed as [Seneviratne et al., 2010]:
Rn = G + SH + ⁄E

(1.5)

Here Rn is the net radiation term, which is used for the ground heat flux
at the surface (G) and the turbulent fluxes, i.e. the latent heat flux (⁄E)
and the sensible heat flux (SH). ⁄E is the product of the latent heat of
vaporization (⁄) and the rate of water evaporation (E). It is this last term
that connects the water and energy balance, showing the key role of soil
moisture in both the water and energy balance (Figure 1.4).

1.2.3

Soil Moisture in the Climate System

Soil moisture-evapotranspiration coupling
The availability of soil moisture impacts the partitioning of energy available
at the land surface into latent and sensible heat (Eq. 1.5). When enough soil
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Figure 1.5: Processes contributing to soil moisture–temperature coupling and feedback loop. Positive arrows (red) indicate processes that lead to a drying/warming in response to a negative soil moisture anomaly and blue arrows denote
potential negative feedbacks (the hatched blue arrow indicates the tendency for
enhanced temperature to lead to more evaporative demand; if this results in an
increase of evapotranspiration, this in turn leads to a further drying of the soil
and thus to a positive feedback loop). Note that possible links to the radiation
(clouds and water vapour) are not included, and that the displayed relationships
similarly apply for positive soil moisture anomalies (leading to negative temperature anomalies). (A), (B) and (C) refer to the different steps of the feedback
loop. From Seneviratne et al. [2010].

moisture is present, the incoming energy can be used for ET , thus reducing
the amount of energy that goes into the sensible heat flux. As soil moisture
decreases evapotranspiration decreases (Figure 1.5, A) and more energy goes
into the sensible heat flux increasing temperatures (Figure 1.5, B). Thus
a decrease in soil moisture, leads to a decrease in ET and an increase in
temperature. In addition, an increase in temperature can lead to a higher
evaporative demands, which in turn results in a decrease in soil moisture
(Figure 1.5, C).
For ET to take place two elements are essential, water and energy. If both
of these are available in abundance, ET takes place at approximately the
rate of potential evapotranspiration (ETp ) [see e.g., Penman, 1948]. When
insufficient energy is available however, actual evapotranspiration (ETa ) is
less than ETp , and the system is said to be energy limited. Alternatively,
when soil moisture limits ET the system is defined as soil moisture limited
[Seneviratne et al., 2010]. These two evapotranspiration regimes can be characterized through the evaporative fraction EF :
EF =

⁄E
⁄E
=
Rn ≠ G
H + ⁄E

(1.6)

In an energy limited and wet regime, EF = EFmax and soil moisture content
is high enough that it does not limit ET , i.e. above a critical value (◊ >
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Figure 1.6: Definition of soil moisture regimes and corresponding evapotranspiration regimes. EF denotes the evaporative fraction, and EFmax its maximal
value. From Seneviratne et al. [2010]

◊CRIT ), for example a fraction of field capacity (Figure 1.6). In a soil moisture
limited regime two soil moisture regimes are found. In a dry regime (◊ <
◊W ILT ) no ET takes place and EF = 0. The transitional regime (◊W ILT <
◊ < ◊CRIT ) is where soil moisture most strongly influences the variability
in ET , and soil moisture is key in controlling climate variability. It is this
transitional regime where strong land-atmosphere coupling is found [Koster
et al., 2004; Seneviratne et al., 2006a, 2010].
Soil moisture-temperature feedbacks
When soil moisture limits ET , sensible heat and thus temperatures are directly impacted. This relationship is enhanced through the long memory
of soil moisture [Delworth and Manabe, 1988; Vinnikov et al., 1996; Koster
and Suarez, 2001; Seneviratne et al., 2006a; Orth and Seneviratne, 2012;
Seneviratne and Koster, 2012]. In fact, antecedent soil moisture conditions
have been shown to influence temperatures, in particular the occurrence and
strength of heatwaves [Fischer et al., 2007b,c; Hirschi et al., 2011; Mueller
and Seneviratne, 2012; Miralles et al., 2014a; Hauser et al., 2016]. One example is the the mega-heatwaves of 2003 in France and of 2010 in Russia,
with temperatures that were only possible due to the combined effect of exceedingly dry soils (which intensified air temperatures) and atmospheric heat
accumulation [Miralles et al., 2014a].
Soil moisture-precipitation feedbacks
With the exception of extreme cases, e.g., oversaturated or extremely dry soils
(in which case precipitation results in runoff), precipitation directly impacts
soil moisture (Figure 1.7, C). Also, soil moisture affects precipitation through
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Figure 1.7: Processes contributing to soil moisture-precipitation coupling and
feedback loop. Positive arrows (blue) indicate processes leading to a positive
soil moisture precipitation feedback (wetting for positive soil moisture anomaly,
drying for negative soil moisture anomaly), the negative arrow (red) indicates a
potential negative feedback damping the original soil moisture anomaly, and the
red-blue arrow indicates the existence of both positive and negative feedbacks
between evapotranspiration and precipitation anomalies. (A), (B) and (C) refer
to the different steps of the feedback loop. From Seneviratne et al. [2010].

evapotranspiration, i.e. provides the necessary moisture (Figure 1.7, A and
B). However, the effect of soil moisture (and ET ) on precipitation is much
more debated, than that of precipitation on soil moisture. With studies
showing both (local) positive or negative feedbacks, or even no feedbacks
at all [Seneviratne et al., 2010]. For example, Taylor et al. [2012] contested
the idea of a positive feedback loop between soil moisture and precipitation,
and showed that afternoon rain is more likely to fall over drier soils due
to local mesoscale circulation. More recently Guillod et al. [2015] showed
that spatial and temporal correlations with opposite signs coexist within the
same region and data set. With precipitation events taking place during wet
periods (moisture recycling), but within the area have a preference to fall over
comparatively drier patches (local, spatially negative feedbacks). Guillod
[2014] gives a thorough overview, differentiating between various mechanisms
with which soil moisture (and/or ET ) can impact precipitation: (i) directly
through moisture recycling, and indirectly through (ii) local coupling, (iii)
induced mesoscale circulation, and (iv) by impacting large-scale circulation.
Soil moisture and its effect on vegetation
The important role of water (or soil moisture) for life becomes clear when we
look at photosynthesis, with plants using atmospheric carbon, soil moisture
and sunlight to produce sugars and oxygen:
6CO2 + 6H2 O + sunlight energy æ C6 H12 O6 + 6O2

(1.7)
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This formula forms the building block for life, it is the start of plant growth
and the release of oxygen to the atmosphere allowing us to breath [Hillel,
2003]. To absorb carbon and oxygen plants need large surface areas, however,
these surfaces also transpire and lose the plant a lot of the water it takes up.
In fact, as a consequence of the atmospheric demand for moisture plants
transmit almost all the water they extract from the soil to the atmosphere,
often over 98%. and although the plant might protect itself by closing its
stomata, this will eventually reduce plant growth as carbon dioxide becomes
limiting [Hillel, 2003]. In addition to the fundamental role water plays in
photosynthesis, it is also crucial as a solvent for nutrients needed for plant
growth. The root system of plants allows access to deeper soil layers, where
when the top soil layer dries out water is still available. This access can extend
the period of unstressed transpiration, which in turn prolongs evaporative
cooling and can thus affect temperatures [Hillel, 2003; Teuling et al., 2006;
Bonan, 2008]

1.3

Soil Moisture Data

As mentioned in the introduction, soil moisture content can be characterized
in two ways, water content and matric potential. Here I focus on measuring
water content, as it can be more directly related to the water fluxes and is the
unit of the soil moisture data sets used in this thesis. The here mentioned
techniques by no way cover all possible methods to measure soil moisture,
but for those interested many reference documents exist, e.g.,Hillel [2003]
and WMO [2008].

1.3.1

In situ

In situ soil moisture observations have long provided information on local soil
moisture conditions. Various methods exist to locally measure soil moisture,
some of which are described here. The most accurate in situ measurement
technique to determine soil moisture is the gravimetric method. For this a
soil sample needs to be collected, weighed, dried in an oven and then weighed
again. The difference in weight is then used to derive the soil moisture content
[Robock et al., 2000]. As the method is destructive it can not be used to
acquire a continuous soil moisture record of one location, and measurement
networks that employ this technique generally provide data with a rather
course temporal resolution (approximately every one to two weeks). It is
however the only ’direct’ way to measure soil moisture and therefor is often
used as reference measurement for calibrating equipment used in other soil
moisture measuring methods [Robock et al., 2000; WMO, 2008; Seneviratne
et al., 2010].
For continuous temporal measurements many other techniques are available, two examples are neutron scattering and time-domain reflectometry
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[Hillel, 2003; Robinson et al., 2008; WMO, 2008]. The neutron scattering
method relies on the fact that neutrons that are released travel in a straight
line until they collide with the nucleus of an atom. When a neutron collides
with a hydrogen nucleus it loses all its energy (as opposed to lower losses when
collision with other nucleus takes place), becomes thermalized and changes
direction. Counting the number of thermalized neutrons that return to the
source, can therefore give a good estimate of the number of hydrogen nuclei
in the soil, and when properly calibrated indicate soil moisture content [Hillel,
2003; Robinson et al., 2008].
In Time-Domain Reflectometry (TDR) the wave propagation velocity of
a voltage pulse depends on the dielectric properties of the surrounding soilwater-air matrix. The relative permittivity or dielectric constant Á of water
(≥80) in comparison to that of air (1 by definition) and that of soil particles
(somewhere between 2-7, depending on the soil) varies greatly. Thus when
assuming that the dry bulk density of the soil remains constant, it follows
that changes in the dielectric properties are solely dependent on changes in
water content [Hillel, 2003; WMO, 2008; Robinson et al., 2008].
Local measuring techniques have a long history and have been thoroughly
tested and investigated, though accuracy can vary as it is strongly dependent
on the probe used and the calibration method applied [e.g., Hu et al., 2009;
Mittelbach et al., 2012]. Figure 1.8 gives an overview of the networks that
can be accessed through the International Soil Moisture Network (ISMN)
[Dorigo et al., 2011, 2013]. This figure quickly makes it clear that most of
the in situ networks are centered around the United States and Europe, and
many regions are not covered. This globally sparse spatial coverage limits
global analysis, and the high costs associated with maintaining a network,
make global coverage using point-scale in situ soil moisture measurements
not realistic.

1.3.2

Land Surface Model-Based

As there are no global in situ soil moisture measurements available, model
simulated soil moisture has often been used. The benefit of land surface
model-based soil moisture estimates is their continuous spatial and temporal coverage. An example is the Global Land Data Assimilation System
(GLDAS) data set [Rodell et al., 2004], which is used to rescale the CCI-SM
data during the merging procedure, see Section 1.4.1. Another is the European Centre for Medium-Range Weather Forecasts (ECMWF’s) soil moisture
product, produced by forcing the Hydrology-Tiled ECMWF Scheme for Surface Exchange over Land (HTESSEL) land surface model with near surface
meteorological fields from ERA-Interim and precipitation adjustments based
on the Global Precipitation Climatology Project v2.1 (ERA-Land) [Dee et al.,
2011; Balsamo et al., 2012, 2015]. It is this data set that is used for the studies
in Chapters 2 and 3.
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Figure 1.8: Screenshot of the available stations within the International Soil Moisture Network, from http://ismn.geo.tuwien.ac.at/ismn/

1.3.3

Satellite Remote-Sensing Based

One of the most promising techniques for remote sensing of soil moisture
is through microwave remote sensing. At these microwave frequencies the
atmosphere is virtually transparent and measurements are not dependent on
solar illumination, so measurements can be made day and night. In addition,
satellite remote-sensing based soil moisture can have a near global coverage
(excluding areas with dense vegetation or snow cover). Microwave remote
sensing of soil moisture is possible because of the large contrast in the dielectric constant Á of liquid water (|Á| ¥ 80) and soil particles (|Á| ¥ 2-7)
[Njoku and Kong, 1977; Schmugge et al., 1986]. Water content affects the
dielectric properties of the soil, which in turn affect emissivity and reflectivity. Figure 1.9 shows the relationship between the soil dielectric constant and
soil moisture derived from the Wang and Schmugge [1980] dielectric mixing
model for a typical sand, loam and clay soil, i.e. increasing dielectric constant
with increasing soil moisture [taken from de Jeu et al., 2014b]. Microwave
sensors can be split into two main groups, i.e. active scatterometers and
passive radiometers.
The basis principle underlying active microwave remote sensing of soil
moisture is that the sensor transmits an electromagnetic wave and measures
the amount of radiation that is scattered back. The power that is received by
the sensor antenna depends on the transmitted signal, corrected not only for
the two-way spreading loss but also the losses caused by the target (which
depend on its geometry and dielectric properties). This can be expressed by
what is known as the radar equation [Ulaby et al., 1982]:
Pr =

Pt A2r
‡
4ﬁ⁄2 R4

(1.8)
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Figure 1.9: The soil dielectric constant for a typical sand, loam and clay soil as
derived by Wang and Schmugge dielectric mixing model (1980) using a uniform
soil temperature of 290 K and a frequency of 6.9 GHz. The inflection point
where the free water phase begins to dominate the soil system is indicated with
a red dot for each soil type. de Jeu et al. [2014b]

Here, Pr is the received power [W], Pt the transmitted power [W], Ar the
effective area of the antenna [m2 ], R the distance from the radar to the target
[m], ‡ the scattering cross section [m2 ], and ⁄ the transmitted wavelength.
Finally, the scattering cross section (‡) is only representative of a single
target, while the illuminated area includes many objects, and in practice it
is common to look at the backscatter coefficient (‡ 0 ):
‡
‡0 =
(1.9)
A0
where A0 is the illuminated area [m2 ]. ‡ 0 is given in m2 m≠2 , but generally
recalculated to dB (‡ 0 [dB] = 10log‡ 0 [m2 m≠2 ]).
The basic principle underlying passive microwave remote sensing of soil
moisture is that emission of thermal radiation is for the most part determined
by the physical temperature and emissivity of a radiating body. Thermal
radiation is described by Planck’s law, in which it is applied to a black body
in thermal equilibrium. At Earth’s temperatures and for low frequencies
Planck’s law can be reduced to the Rayleigh-Jeans approximation, which
can be shown to lead to [Schmugge et al., 1986]:
≥ es Tef f
Tb =

(1.10)

Here brightness temperature (Tb ), is a function of the effective temperature
(Tef f ) and the smooth-surface emissivity (es ).
Active and passive microwave remote sensing of soil moisture can be related to each other through Kirchoff’s law that describes the relation of reflectivity and emissivity as, R = 1 ≠ es . Reflectivity (and thus emissivity) is
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related to soil moisture through the dielectric constant, which as mentioned
above increases with increasing soil moisture. A soil with a higher dielectric constant will scatter more, thus leading to increasing backscatter and
decreasing emissivity.
Multiple satellites carry radiometers and scaterometers, and since the
1970s many algorithms have been developed to retrieve soil moisture from
their measurements [see e.g., Mladenova et al., 2014, for a review]. In this
thesis I will only focus on the Land Parameter Retrieval model applied to
passive sensors (Section 1.4.3) and the TU Wien change detection algorithm
applied to active sensors (Section 1.4.4).

1.4

The ESA CCI soil moisture data set

The ESA CCI soil moisture data set (denoted CCI-SM in the following) is
the central data set used for the studies in Chapters 2-4. In the next sections
I will describe the methodology and steps taken to derive this long term soil
moisture record. Starting with a general description of the data set (Section 1.4.1), followed by more detailed information on the merging procedure
(Section 1.4.2), the LPRM algorithm (which is applied to passive radiometer
data, Section 1.4.3), and the TU Wien/WARP algorithm (which is applied
to active scatterometer data, Section 1.4.4), and conclude by summarizing
some of the known limitation of the CCI-SM data set. For a more detailed description of the passive, active and merged data sets I refer the reader to the
Algorithm Theoretical Baseline Documents (ATBD) [Chung et al., 2014b,a,c;
de Jeu et al., 2014a, available at: http://www.esa-soilmoisture-cci.org].

1.4.1

General Introduction

The aim of first the Water Cycle Multi-mission Observation Strategy (WACMOS) and now the Climate Change Initiative (CCI) Soil Moisture projects
from the European Space Agency (ESA) is to generate a consistent global
and long-term soil moisture data set. This has been achieved by merging
remotely sensed data sets of surface soil moisture retrieved from passive and
active microwave sensors onboard various satellites [Liu et al., 2011b, 2012;
Wagner et al., 2012]. As a combination of passive and active microwave sensors have been in orbit since 1978, this allows for a global soil moisture data
set spanning a more than 30 year period (see Figure 1.10 and Table A.1).
The passive sensors include the Scanning Multichannel Microwave Radiometer (SMMR) onboard Nimbus-7, the Special Sensor Microwave Imager
(SSM/I) of the Defense Meteorological Satellite Program, the microwave imager from the Tropical Rainfall Measuring Mission (TRMM), the Advanced
Microwave Scanning Radiometer – Earth Observing System (AMSR-E) onboard the Aqua satellite, AMSR2 onboard GCOM-W, Windsat onboard
Coriolis, and most recently the ESA’s Soil Moisture Ocean Salinity mission
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(SMOS). The active sensors include, the European Remote-Sensing satellites
(ERS-1 and ERS-2) Scatterormeter (SCAT or now more preferred AMI-WS)
and the Meteorological Operational satellite (MetOp) Advanced Scatterometer (ASCAT). NASA’s Soil Moisture Active Passive Mission (SMAP), included both a radiometer and scaterometer, unfortunately the scaterometer
failed seven months after launch leaving only the radiometer operational.
The CCI-SM data set is comprised of three products, an active data set,
a passive data set and a merged data set. The passive product covers the
period November 1978-present and is generated by applying the VUA-NASA
Land Parameter Retrieval Model (LPRM, see Section 1.4.3) to various passive multi-frequency radiometers and merging the resulting products. The
algorithm is based on a forward radiative transfer model and retrieves volumetric soil moisture (m3 m≠3 ) as well as vegetation optical depth. The active
product covers the period July 1991-present and is generated by applying the
TU Wien change detection approach implemented within a software package
called Soil Water Retrieval Package (WARP, see Section 1.4.4) to the active
signals from the C-band AMI-WS and ASCAT scatterometers and merging
the individual products. It returns relative soil moisture between the lowest
and highest values of the period under investigation. For the final merging,
the products are first rescaled against GLDAS-NOAH [Rodell et al., 2004]
simulated soil moisture using cumulative distribution function (CDF) matching, see Figure A.1 for details. The final merged product, covers the period
1978-present, has a daily time step and a 0.25¶ spatial resolution. The soil
moisture represents approximately the top few millimetres to centimetres of
the soil depending on soil moisture content and frequency used [Kuria et al.,
2007] and is expressed as volumetric water content (m3 m≠3 ). Data set can
be downloaded from http://www.esa-soilmoisture-cci.org.
Within the CCI project, first the individual data sets are generated (i.e.
passive and active), with all products spatially resampled to a regular grid
with a spatial resolution of 0.25¶ and temporally resampled to a daily resolution centered at 0:00 UTC (considering observations within ±12 hours).
The next step is rescaling the data sets into a common climatology using
cummulative distribution matching (CDF) and merging them. Here I will
summarize the merging technique used to generate CCI-SMv2.2 (see also
Figure A.1.
AMSR-E, SSM/I and TMI TMI is rescaled against AMSR-E using the
piece-wise linear CDF matching technique, based on their overlapping time
period. To rescale SSM/I to AMSR-E first anomalies are calculated by subtracting the respective seasonal cycles (based on the years 2002-2007) from
each data set. The SSM/I anomalies are then rescaled against the AMSR-E
anomalies using the piece-wise linear CDF matching technique. Finally, the
AMSR-E seasonality is added to the rescaled SSM/I anomalies. In a last step
the reconstructed SSM/I, rescaled TMI, and original AMSR-E data sets are
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Figure 1.10: Overview of the active (green) and passive (yellow) microwave sensors
used for the generation of the CCI soil moisture data sets. Please note that the
Soil Moisture and Ocean Salinity (SMOS) and the Soil Moisture Active Passive
(SMAP) missions have not yet been included in the CCI v2.2 soil moisture data
sets, but might be included in a next CCI phase. From Chung et al. [2014b].

18

CHAPTER 1. INTRODUCTION

merged, using AMSR-E for July 2002 – October 2011, TMI for January 1998
– June 2002 (between N40¶ and S40¶ ), or otherwise SSM/I, see Figure 1.11.
SMMR and ‘SSM/I-TMI-AMSR-E’ The main problem with merging
SMMR is the short period of overlap between SMMR and succeeding sensors.
However, by assuming the dynamic range of SMMR to be equal to that of
the SSM/I-TMI-AMSR-E data set SMMR can be rescaled by applying CDF
curve matching between the two data sets for each grid point, using a CDF
curve based on all observation of both data sets. After merging rescaled
SMMR with SSM/I-TMI-AMSR-E the obtained SMMR-SSM/I-TMI-AMSRE covers the period 1979 – 2011.
WindSat, AMSR2 and ‘SMMR-SSM/I-TMI-AMSR-E’ Unfortunately the the AMSR2 mission was not launched in time for overlap with
AMSR-E. Therefore to bridge the gap between October 2011 and July 2012
WindSat data is used. CDFs for WindSat are calculated based on the overlapping time period with AMSR-E, and the rescaled WindSat data is added
to the SMMR-SSM/I-TMI-AMSR-E. Finally the data set is extended with
AMSR2 data, which was rescaled to WindSat as described by Parinussa
et al. [2015]. This final merged data set is what can be referred to as the
CCI-SMv02.2 passive product.
ERS1, ERS2 and ASCAT To overcome the different sensor specifications between ERS1 and ERS2, ERS2 is first rescaled against ERS1 using
CDF matching before merging them and generating the AMI-WS data set.
The AMI-WS data set is then scaled to the ASCAT data, by assuming the
dynamic range of the two data sets is equal and generating a CDF curve
from both data sets. Finally, the AMI-WS data from August 1991 to December 2006 is merged with the ASCAT data generating the CCIv02.2 active
product, which covers the period January 2007 to December 2013.
Blending the merged passive and active data sets As the passive
product represents volumetric soil moisture and the active product degree
of saturation, they are first rescaled to the surface soil moisture estimates
of GLDAS-NOAH [Rodell et al., 2004] using the CDF matching technique.
Figure 1.11 shows both the spatial and temporal coverage of the soil moisture
products from the difference sensors in the CCI-SMv2.2 combined product.
Over areas where only one product is available, the available product is used.
For those periods where both the active and passive products are available,
the Spearman correlation between the active and passive product is calculated. If this value is above 0.65 (“transitional regions”) the average between
the passive and active product is used. For areas where the value is below
0.65 the merged passive product is used over regions with sparse vegetation
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Figure 1.11: Spatial (y-axis) and temporal coverage (x-axis) of soil moisture products from different sensors in the CCI SM v02.2 Combined product. From
Chung et al. [2014a].

density and the active product over regions with moderate vegetation density, based on the VOD values derived from AMSR-E [Liu et al., 2012], see
Figure 1.12.

1.4.2

Merging procedure

CCI-SMv0.1 is the original soil moisture data set released within the WACMOS project, and covers the time period November 1978 - December 2010,
making use of the SMMR, SSM/I, TMI, AMSR-E, AMI-WS and ASCAT
sensors. For v02.0 and v02.1 the temporal coverage is extended to 2013 and
AMSR2 is included. As mentioned, to bridge the gap between AMSR-E and
AMSR2 Windsat data is used. In v02.2 the calibration between AMSR-E,
Windsat and AMSR2 is significantly improved [Parinussa et al., 2015]. In addition data coverage increased, especially during the 2002-2006 period when
the AMI-WS sensor failed, as these data gaps were filled using AMSR-E data
(see Figures A.2 and A.3 for details). At the time of writing CCI-SMv3.0
has only been released internally for the project partners. Several changes
were made to the LPRM algorithm and the merging procedure and SMOS
data has been included. However as the product has not been finalized yet,
I refrain from more detail.

1.4.3

The Land Parameter Retrieval Model

LPRM was developed as a joint effort by researchers from VU University
Amsterdam and the NASA Goddard Space Flight Center [Owe et al., 1999,
2001; de Jeu and Owe, 2003]. By applying LPRM on multiple sensors, Owe
et al. [2008] developed the first long term satellite soil moisture data set
spanning the period 1978-2007.
LPRM simultaneously solves for vegetation optical depth (VOD) and soil
dielectric constant using a radiative transfer equation in an iterative forward
modeling approach using both horizontal and vertical polarized brightness
temperatures [Mo et al., 1982; Meesters et al., 2005] and estimates of effective soil temperature which are derived from Ka-band, see Holmes et al.
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Figure 1.12: Spatial coverage by passive (yellow), active (green) microwave data,
and the averaged of both (blue, referred to as “transitional region”) for the
Combined product. (a) SSM/I & AMI-WS: July 1991 to 1997, area covered by
passive, active, and both are 42.1%, 51.7%, and 6.2%, respectively; (b) SSM/I &
AMI-WS & TMI: 1998 to June 2002, (44%, 48.4%, and 7.6% respectively); (c)
AMSR-E & AMI-WS: July 2002 to 2006, (41%, 44.7%, and 14.3% respectively);
(d) AMSR-E & ASCAT: 2007 to October 2011, (35.9%, 45.8%, and 18.3% respectively); (e) WindSat & ASCAT: October 2011 to June 2012, (44.7%, 37.3%,
and 18% respectively); (f) AMSR2 & ASCAT: July 2012 to 2013 (49.2%, 18.7%,
and 32.1% respectively). Note: Figure c) shown here is not yet split into another
eight more segments for the newly introduced gap filling algorithm in v02.2. See
Figures A.2 and A.3 which present the corresponding split periods for (c). From
Chung et al. [2014a].
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[2009]. Soil moisture is solved when the measured brightness temperature
equals that of the modeled brightness temperature. Inside LPRM, the radiative transfer equation [Mo et al., 1982] describes the modeled brightness
temperature (Tb(h) ) as a function of soil and vegetation temperature (Ts and
Tv ), rough surface emissivity (er(h) ), vegetation transmissivity ( v ), and the
single scattering albedo (Ê):
Tb(h)modeled = F (Ts , er(h) ,

v , Ê, Tv )

(1.11)

while the dielectric constant is calculated using the Wang-Schmugge model
[Wang and Schmugge, 1980]. The LPRM model includes a parameterization
of the following variables: atmosphere, soil and vegetation temperature (Ta ,
Ts , Tv ), the optical depth of the atmosphere (·a ), the roughness parameters
Q and h, the single scattering albedo (Ê), and soil wilting point and porosity. Where soil wilting point and porosity are derived from the Food and
Agriculture Organization (FAO) soil texture map [Nachtergaele et al., 2008]
and used to relate dielectric constant to volumetric soil moisture [Wang and
Schmugge, 1980]. Table 1.1 gives an overview of the values used in LPRM,
note that these values differ with frequency.
Parameter
·a
Ê
h
Q

C-band
(≥6.9 GHz)
0.01
0.05
0.09
0.115

X-band
(≥10.8 GHz)
0.01
0.06
0.18
0.127

Ku-band
(≥19 GHz)
0.05
0.06
0.13
0.14

Table 1.1: Values for the parameters optical depth of the atmosphere (·a ), the
single scattering albedo (Ê), and the roughness parameters Q and h used in
LPRM, for the different frequencies.

1.4.4

The TU Wien change detection model

The change detection model developed at the Vienna university of Technology
(TU Wien) was first applied to the ERS 1/2 wind scatterometer (AMI-WS)
[Wagner et al., 1999a,b,c] and later to the Advanced Scatterometer (ASCAT)
data on board the METOP-A satellite [Bartalis et al., 2007; Naeimi et al.,
2009a,b]. Chung et al. [2014c] provide a detailed description of the retrieval
algorithm, of which I will provide a brief summary here, skipping various details including but not limited to resampling, intra-calibration of the sensors,
azimutal normalization and error characterization. Note that Chung et al.
[2014c] uses ◊ for incidence angle, but for consistency with previous sections,
I will use ◊ for soil moisture and – for incidence angle.
WARP stands for Soil Water Retrieval Package and refers to the software package in which the retrieval algorithm is implemented. Using the TU
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Figure 1.13: Backscatter as function of the incidence angle. In WARP it is
assumed that the shape of the curve is affected by changes in vegetation, but not
by changes in soil moisture content. From Chung et al. [2014c, for consistency
the symbol for incidence angle is adjusted].

Wien change detection model, soil moisture can be directly estimated from
the scatterometer measurements. The signal does however represent the total backscatter ‡ 0 from the soil, vegetation and soil-vegetation-interactions,
and this needs to be accounted for. The TU Wien change detection algorithm returns relative soil moisture by scaling the observed backscatter value
between the highest (wettest) and lowest(driest) values ever observed at that
location on that day:
◊(i) =

‡i0 (–ref ) ≠ ‡ dry (–ref , di )
wet
‡ (–ref , di ) ≠ ‡ dry (–ref , di )

· 100

(1.12)

0
returning a value between 0 and 100%. Assuming ‡dry
represents a com0
pletely dry soil and ‡wet
a saturated soil, ◊ is expressed in degree of saturation
[Hillel, 2003].
As measurements taken at different angles are not directly comparable the
measured value is first converted to the corresponding value at the reference
angle, ‡i0 (–ref ). The wet (‡ wet (–ref , di )) and dry (‡ dry (–ref , di )) reference
values are determined based on the wet crossover angle (–wet , 40¶ ) and the
dry crossover angle (–dry , 25¶ ) respectively. –wet is the wettest point where
the fully developed and dormant vegetation curves intersect, while –dry is
the driest point where these lines intersect (crossover angles were determined
empirically, Figure 1.13). The assumption here is that at these crossover
angles vegetation has no effect on backscatter [Wagner, 1998]. Due to the
selection of the crossover angles the dry reference depends on the day of the
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year (i.e. on the vegetation phenology), however, as the wet crossover angle
is equal to the reference angle,both 40¶ , ‡ wet (–ref , di ) is constant.
Of course it is possible that an area has not experienced truly saturated
conditions. This is corrected for in two steps, first globally the lowest level
of the wet reference is set to -10 dB. Then for dry and hot climate zones
[based on Kottek et al., 2006] the wet reference is raised until the sensitivity
(‡ wet (–ref , di ) ≠ ‡ dry (–ref , d)) is at least 5 dB.
The basic principles of the TU Wien change detection method are (i) the
linear relationship between surface soil moisture (◊) and the backscattering
coefficient ‡ 0 in decibels (dB). (ii) ‡ 0 depends strongly on the incidence angle
–, but the relationship (or shape of the curve) between ‡ 0 ≠ – is not affected
by changes in ◊ but is a characteristic of roughness conditions and land cover
(Figure 1.13). Roughness and land cover are (iii) stable over time at the
spatial scale of the scatterometer measurements. (iv) Vegetation phenology
is corrected for by assuming distinct incidence angles (–dry and –wet ) at
which ‡ 0 is stable regardless of above ground vegetation biomass changes,
and (v) ‡ 0 is affected only by vegetation phenology on a seasonal scale.

1.4.5

Known Issues

In the following some of the main issues mentioned, or points raised, in de
Jeu et al. [2014a] and Chung et al. [2014c] are summarized.
In LPRM, VOD is determined from the Microwave Polarization Difference
Index (MPDI = Tb[V ] ≠ Tb[H] /Tb[V ] + Tb[H] ), however this method fails when
the vegetation is too dense and the canopy transmissivity becomes very small
and uncertain [Meesters et al., 2005]. In addition, error estimates increase
with increasing VOD [Parinussa et al., 2011], thus currently soil moisture
estimates with an error beyond 0.2 m3 m≠3 are masked out. Aside from dense
vegetation, soil moisture retrieved under frozen surface conditions is flagged
because of the considerable change in the dielectric constant (for ice ≥3)
[Schmugge, 1983]. In addition, pixels with more than 5% water are masked
out as it influences the retrieved signal, also water bodies can especially form
a problem when they change in size over time. Rainfall affects brightness
temperature observations, and is therefore flagged for. Lastly radio frequency
interference (RFI), which affects the natural emissions, needs to be filtered
for. This is especially true at low frequency bands, and is the reason why in
RFI affected areas LPRM switches to a higher available frequency band.
While the mentioned basic principles of the TU Wien change detection
algorithm (Section 1.4.4) generally hold true, it has been shown however that
under extremely dry conditions, such as in deserts or semi-arid environments
during the dry season, backscatter actually decreases when the soil becomes
slightly wet. The exact cause for this is still unknown. Also, the empirically derived crossover angles are applied globally, however, they might vary
across the globe, which is not (yet) considered within the model. Level 1
inter-calibration improvements between various scatterometer missions are
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part of ongoing research. When this approach is successful Level 1 data can
be directly converted to a soil moisture data set, instead of using CDF matching on the Level 2 soil moisture products as has been done so far. Lastly,
differences in morning and evening acquisitions have been noted. It is not
sure though, if this is due to the instrument, shortcomings in the retrieval
algorithm, or actual capture of diurnal patterns [Chung et al., 2014c].

1.5

Objective and Outline

The CCI-SM data set makes it possible to study soil moisture on the basis
of a long-term remote-sensing based global soil moisture product. However,
as this is still a relatively new data set, its usefulness for climate studies
had so far not been thoroughly investigated. In this thesis, the data set is
confronted with various climate applications. The present thesis consists of
five chapters and four appendices. Chapters 2-4 consists of two published
article and one submitted article. In Chapter 5 the overall conclusions of
this thesis are presented, and suggestions for possible future research topics
are given. The four appendices refer to Chapters 1-4 respectively. Chapters
2-4 are included as individual scientific contributions and each contains an
abstract, introduction, main part and conclusions, and aims to answers one
of the following research questions:
• What is the spatial footprint of a soil moisture measurement?
• With what lead time can soil moisture dynamics be predicted?
• What is the relationship between extreme dry soil moisture conditions
and various climate variable?
Chapter 2: Spatial representativeness of soil moisture using in situ,
remote-sensing and land-reanalysis data (Nicolai-Shaw et al., 2015, Journal
of Geophysical Research: Atmospheres)
The spatial footprints of in situ measurements and satellite remote-sensing
based measurements differ substantially, i.e. point scale and grid cell scale,
but they can be representative for a larger area. This issue of discrepancies in scale has often been raised when validating remote-sensing based soil
moisture estimates with in-stu measurement [see e.g., Crow et al., 2012, for
a review]. In this first study the spatial representativeness of the temporal
dynamics of absolute soil moisture and its temporal anomalies over North
America is investigated. This is done by applying a simple parameter-free
approach [Orlowsky and Seneviratne, 2014] to three different soil moisture
products, i.e. in situ, land surface model-based (ERA-Land) and satellite
remote-sensing based soil moisture (CCI-SM).
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Chapter 3: Long-term predictability of soil moisture dynamics at the global
scale: persistence versus large-scale drivers (Nicolai-Shaw et al., 2016, Geophysical Research Letters)
Soil moisture plays a key role in the global water and energy cycle, impacting extreme weather events like heatwaves, droughts and floods, therefore
predicting soil moisture is of utmost importance. In this second study the
long lead time predictability of soil moisture variability at the global scale
is investigated, focusing on lead times beyond the synoptic scale (i.e. one to
five months). This is done for two independent global soil moisture products,
one satellite remote-sensing based (CCI-SM), and (for corroboration of our
results) one land surface model-based (ERA-Land). To differentiate between
the influence of soil moisture persistence and large-scale atmospheric drivers,
first soil moisture persistence only is used as predictor, and in a second step
three teleconnection indices indicative of the main northern (NAO), tropical
(SOI) and southern (AAO) atmospheric modes are considered.
Chapter 4: A satellite remote-sensing based analysis of soil moisture
drought (Nicolai-Shaw et al., submitted to: Special Issue on Earth Observation of Essential Climate Variables in Remote Sensing of Environment)
Many studies have shown that extremely low soil moisture conditions can directly be linked to the occurrence and persistence of extreme weather events
and weather-related impacts in many regions of the world [Fischer et al.,
2007b,c; Van den Hurk et al., 2010; Koster et al., 2010a; Hirschi et al., 2011;
Brocca et al., 2012; Mueller and Seneviratne, 2012], which can have significant economical, agricultural and societal consequences [Guha-Sapir et al.,
2015]. In this third study the relationship between extreme dry soil moisture
conditions and temperature, precipitation, evapotranspiration and vegetation
activity is investigated. First periods of extreme dry soil moisture conditions
are defined based on the CCI-SM data set. Next the temperature, precipitation, evapotranspiration and vegetation anomalies coinciding with these
extreme dry soil moisture events are quantified using drought event composite analysis. Finally, the results are summarized, differentiating between five
different climate classes and land cover types.

2

Spatial representativeness of soil
moisture using in-situ, remote sensing
and land-reanalysis data

J. Geophys. Res.Atmos., 120, doi:10.1002/2015JD023305 , Nadine NicolaiShaw1 , Martin Hirschi1 , Heidi Mittelbach1 , and Sonia I. Seneviratne1
Abstract This study investigates the spatial representativeness of the temporal dynamics of absolute soil moisture and its temporal anomalies over
North America based on a range of data sets. We use three main data
sources: in situ observations, the remote-sensing-based data set of the European Space Agency Climate Change Initiative on the Essential Climate
Variable soil moisture (ECV-SM), and land surface model estimates from
European Centre for Medium-Range Weather Forecasts’s ERA-Land. The
intercomparisons of the three soil moisture data sources are performed at
the in situ locations as well as for the full-gridded products. The applied
method allows us to quantify the spatial footprint of soil moisture. At the
in situ locations it is shown that for absolute soil moisture the ECV-SM and
ERA-Land products perform similarly, while for the temporal anomalies the
This publication was slightly changed from its original version to ensure consistency
throughout this thesis.
1
Institute for Atmospheric and Climate Science, ETH Zurich, Universitätstrasse 16,
8092 Zurich, Switzerland
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ECV-SM product shows more similarity in spatial representativeness with
the in situ data. When taking into account all grid cells of the ECV-SM
and ERA-Land products to calculate spatial representativeness, we find the
largest differences in spatial representativeness for the absolute values. The
differences in spatial representativeness between the single products can be
related to some of their intrinsic characteristics, i.e., for ECV-SM low similarities are found in topographically complex terrain and areas with dense
vegetation, while for ERA-Land the smoothed model topography and surface
properties affect soil moisture and its spatial representativeness. Additionally, we show that the applied method is robust and can be used to analyze
existing networks to provide insight into the locations in which higher station
density would be of most benefit.

2.1

Introduction

For many years in situ soil moisture measurements have been used as main
information source on local soil moisture conditions. However, for a global
analysis these measurements are sparse, both temporally and spatially. The
problem of low temporal resolution and continuous measurements when using manual/destructive methods, like the gravimetric one, has been overcome
with the introduction of geophysical methods like, e.g., time domain reflectometry [see e.g. Jones et al., 2002], which allow for insight into temporal soil
moisture variation. The low spatial coverage though cannot be overcome as
global coverage using point-scale in situ soil moisture measurements is not
realistic as it would be extremely costly and remote areas are hard to access.
Therefore, at the global scale, alternative approaches are needed. For example, soil moisture is inferred from passive and active microwave observations
measured by sensors onboard satellites and land surface models provide soil
moisture estimates [Dirmeyer et al., 2004; Bartalis et al., 2008; Owe et al.,
2008; Seneviratne et al., 2010; Liu et al., 2011b, 2012; Wagner et al., 2012,
2013; Albergel et al., 2013; Balsamo et al., 2012, 2015].
The validation of gridded soil moisture products with point measurements
has been the topic of much research [e.g. Robock et al., 1998; Rüdiger et al.,
2009; Gruhier et al., 2010; Brocca et al., 2011; Albergel et al., 2013]. However,
these comparisons are influenced by the contrast in spatial scales between
point-scale in situ measurements, used as reference, and the footprint scale
of the gridded soil moisture products. This contrast can introduce artificial
errors that are erroneously attributed to the gridded soil moisture products.
Upscaling in situ measurements to bridge this discrepancy in spatial scales is
complicated by various factors that influence the spatial and temporal variability of soil moisture. These include, but are not limited to, measurement
depth, soil texture, mean soil water content, land use, altitude, climate, or a
combination through Land Surface Data assimilation[Vinnikov et al., 1996;
Famiglietti et al., 2008; Hu et al., 2010, 2011; Krauss et al., 2010; Dharssi
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et al., 2011; Martinez et al., 2013; Li and Rodell, 2013; de Rosnay et al.,
2013]. Crow et al. [2012] summarize for example the difficulties of validation
associated with the difference in spatial scales between in situ measurements
and remotely sensed soil moisture. They propose possible techniques for upscaling point measurements including time stability concepts, block kriging,
short-term field campaigns, or land surface modeling. Another approach has
been to accept that there are always errors associated with upscaling and
to use methods like triple collocation to describe this error [see e.g. Miralles
et al., 2010; Loew and Schlenz, 2011; Gruber et al., 2013].
Additionally, the measurement goals mentioned in, e.g., the Eropean
Space Agency’s SMOS calibration validation and retrieval plan (https://
earth.esa.int/pub/ESA_DOC/R9-SMOS-VRT-plan.pdf) [accessed on September 2015], are aimed at absolute soil moisture. However, as was shown by
Mittelbach and Seneviratne [2012] for the large-scale SwissSMEX soil moisture network, the spatiotemporal variability of absolute soil moisture is not
necessarily the same as that of its temporal anomalies and thus might require different goals. Indeed, by decomposing the absolute soil moisture value
into its time-invariant and time-varying component, the soil moisture dynamics (time-varying component) display a consistent regional-scale signal. The
follow-up study by Brocca et al. [2014b] supports these findings using measurements from five additional large-scale networks. Based on these studies
one can assume that a station will show similarity with surrounding stations
but that this similarity will differ for absolute values and their temporal
anomalies. With the absolute values being more influenced by local factors,
while the anomalies are controlled more by the climate factors.
In contrast to previous studies on the spatial pattern of soil moisture that
applied more classical geostatistical approaches, we want to assess here the
area for which a soil moisture estimate is representative. The concept of
decay in similarity with distance (and time) is not new [see e.g. Vinnikov
et al., 1996; Robock et al., 1998; Western et al., 1999; Entin et al., 2000;
Mohanty et al., 2000; Brocca et al., 2007; Lakhankar et al., 2010] and has
been the topic of much research. And though this distance may be squared
to indicate the area a measurement is representative for, it still does not provide information on the directional dependency of similarity, which is crucial
when taking into account the intrinsic anisotropy of soil moisture. Additionally, traditional methods like variograms give us information regarding the
spatial variance across a region, while we are interested in the representativeness of a single point. Point-centered variograms could provide a solution,
however, directionality could only be included if station density is very high
[Janis and Robeson, 2004]. We therefore need another method, and follow
the simple parameter-free approach presented by Orlowsky and Seneviratne
[2014] to compute the spatial representativeness (SR) of a measurement (at
a given level of correlation). Based on the computed SR, we investigate the
differences and similarities in SR between products, for the absolute values
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and their short-term and long-term temporal anomalies.
We first assess the robustness of the method by comparing the SR of
three independent soil moisture products, i.e., in situ measurements and the
corresponding remotely sensed and land surface model based surface soil
moisture measurements/estimates. The method is then applied to the gridded products, i.e., based on remote sensing data Essential Climate Variable
soil moisture (ECV-SM) and observations-driven land surface model (ERALand), as they provide data for the global land surface. The results give
insights into the different products’ core characteristics, which provides a basis for product selection. Aside from the verification of SR patterns between
the considered soil moisture products, the results of this study can be used
for climate model validation, to constrain soil moisture within models, as
well as for improvement and planning of soil moisture networks.
This article is structured as follows. Section 2.2 describes the data and
method used for this study, the results are presented in Section 2.3, and the
discussion and conclusions are provided in Section 2.4.

2.2
2.2.1

Data and methods
Data

In-situ soil moisture
In situ soil moisture is obtained through the International Soil Moisture
Network (ISMN; http://ismn.geo.tuwien.ac.at) and North American Soil
Moisture Database (NASMD; http://soilmoisture.tamu.edu). The ISMN
database is comprised of a collection of measurements from networks that
share their soil moisture data sets on a voluntary basis. The data collected
within ISMN are transformed so that they are consistent in units (m3 m≠3 )
then quality checked and correspondingly flagged [Dorigo et al., 2011, 2013].
The NASMD is maintained as a collaborative effort between the Texas A&M
University Department of Geography’s Climate Science Lab and GeoInnovation Service Center, the data is harmonized (m3 m≠3 ), quality controlled,
and covers the United States and Canada [Ford et al., 2014]. We focus here
on North America, as the combination of using ISMN and NASMD data
provides us with an area characterized by dense and large-scale in situ soil
moisture observations. Figure 2.1 shows the sites used to calculate the SR;
for locations where both ISMN and NASMD provide data, the ISMN data is
used. Figure 2.1 shows the sites used to calculate the SR; for locations where
both ISMN and NASMD provide data, the ISMN data is used.
Remotely sensed soil moisture
In the framework of the European Space Agency (ESA) Climate Change Initiative program on global monitoring of Essential Climate Variables (ECV),
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Figure 2.1: Overview of the stations used to calculate SR (color coded by network).
Circles indicate data originating from ISMN and triangles from NASMD. Abbreviated state names are also indicated on the map.

a merged remotely sensed data set of surface soil moisture based on soil
moisture retrieved from passive and active microwave sensors on board various satellites was developed [Liu et al., 2011a, 2012; Wagner et al., 2012,
http://www.esa-soilmoisture-cci.org].The passive product [Owe et al.,
2008] covers the period 1978–2013, while the active product covers the period 1991–2013 [Wagner et al., 2013; Bartalis et al., 2008]. As the units of
the two data sets differ, i.e., volumetric soil moisture (m3 m≠3 ) and degree
of saturation (%), for the final merging the products were rescaled against
soil moisture from a land surface modeling product [GLDAS-NOAH, Rodell
et al., 2004] using cumulative distribution function matching. The resulting
merged product, further referred to as ECV-SM (v02.0), covers the period
1978–2013, has a spatial resolution of 0.25¶ , and represents approximately
the top few millimeters to centimeters of the soil, depending on soil moisture content and frequency used [Kuria et al., 2007], and is expressed as
volumetric water content [Dorigo et al., 2014].
Average vegetation optical depth, topographic complexity, and the uncertainty of the ECV-SM retrieval are provided as ancillary data with the
ECV-SM products. Vegetation optical depth, indicative of vegetation density,
is estimated from Advanced Microwave Scanning Radiometer—EOS using
the Vrije Universiteit Amsterdam (VUA)-NASA Land Parameter Retrieval
Model (LPRM) method over the period 2002–2011 [Liu et al., 2011b], topographic complexity is defined as the normalized standard deviation of elevation within a grid cell and the uncertainty of the ECV-SM retrieval is given
in m3 m≠3 [Parinussa et al., 2011].
Land surface model based soil moisture
ECMWF’s ERA-Land is a global model-based product of land surface variables covering the period 1979-2010. It provides estimates of a variety of
surface variables including soil moisture. The data are produced by forcing
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the Hydrology-Tiled ECMWF Scheme for Surface Exchange over Land (HTESSEL) land surface model with near surface meteorological fields from
ERA-Interim and precipitation adjustments based on the Global Precipitation Climatology Project v2.1. [Dee et al., 2011; Balsamo et al., 2012, 2015].
Compared to the TESSEL scheme used in ERA-interim, H-TESSEL in ERALand has improved the prediction of soil moisture when compared to field
observations [Balsamo et al., 2009; Albergel et al., 2012]. Here we use the
soil moisture product, expressed in m3 m≠3 , that represents the top 7 cm soil,
regridded to a 0.25¶ resolution. The product is available at a 6 h interval but
aggregated to daily data for the evaluation.

2.2.2

Method

Data selection and processing
Due to the temporal and spatial coverage of the in situ data and the absence of ECV-SM and in situ soil moisture measurements under frozen soil
conditions, we focus our comparison of SR on North America and the time
period April to September 2003-2010. As ECV-SM represents approximately
the first few millimeters to centimeters of the soil, we only consider in situ
measurements down to maximum 10 cm depth, using the top measurement
if this results in more than one measurement. The time series of grid cells
corresponding to the location of the in situ measurements are extracted from
the gridded products, but duplicate time series are only used once. In order to exclude an influence of data gaps as a source of difference in SR, we
collocated all products in time and space.
For the comparison of the SR of the gridded products the time period
under investigation could be extended to 1979-2010. However, we opt here
for the period 1989-2010, due to the lack of temporal overlap between the
first and second sensor and low data density for the earlier period of ECV-SM
[Dorigo et al., 2014]. The ERA-Land time series are masked for nonavailable
data in ECV-SM, again to ensure coinciding time series for both products.
For both the point scale and the grid scale, SR of surface soil moisture
is calculated for its absolute values (ABS), short-term anomalies (STA), and
interannual anomalies (IAA). The short-term anomalies are calculated by
subtracting a 35 day moving average and dividing by the standard deviation
[see e.g. Albergel et al., 2009], and the interannual anomalies by removing
the seasonal cycle (using a moving 10 day window for the period 2003-2010
to account for the shortness of the data series).
The vegetation optical depth and topographic complexity maps are kept
as is; the uncertainty of the ECV-SM retrieval is recalculated to a mean
uncertainty for the time period under consideration.
Calculating spatial representativeness
Orlowsky and Seneviratne [2014] presented a simple parameter-free approach
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Figure 2.2: Example of the SR of a given station (Snotel Corral Canyon in red),
where the convex hull (green line) defines the area for which the station is representative. Within this convex hull a specified percentage of stations exhibits a
correlation above a predefined cutoff point (green) thus allowing stations within
this convex hull that exhibit a correlation below the cutoff point (blue).

to quantify the area surrounding a station for which its temporal dynamics
is representative, i.e., its spatial footprint. This area is determined by first
calculating Spearman’s rank-based correlation coefficient of the station under investigation with the surrounding stations and then iteratively removing
the furthest station until a predefined percentage of stations show a correlation above the correlation cutoff point (rcut ). The area of the convex hull
surrounding these stations, drawn only through stations that exhibit a correlation above rcut , then defines the SR of the station (see Figure 2.2 for an
example).
Unlike more classical geostatistical methods that are based on a model
with parameters that need to be estimated (e.g., variograms), here the maximum allowable rank correlation and the fraction of sites allowed to exceed
this threshold are “parameters” that control the sensitivity of the method
but not parameters that need to be estimated. To assess the robustness of
the method and to determine the sensitivity to varying values of rcut and the
percentage of stations that need to comply, we conduct a sensitivity analysis
ranging rcut from 0.4 to 0.8 (denoted SR04 to SR08) and the percentage of
compliance from 60 to 100%, see Figures B.1-B.4 in the supporting information for examples.

2.3
2.3.1

Results
Spatial representativeness at the point scale

We find that the main spatial patterns in SR are not sensitive to changes in
rcut or the percentage of compliance; only the area in km2 and the number of
stations SR can be calculated for are influenced by the choice of these thresholds; i.e., if the thresholds are set too high, stations are iteratively removed
until only one or two stations remain and no convex hull can be drawn. Fig-
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ures B.1-B.3 show the SR using rcut values of 0.4, 0.6, and 0.8, respectively,
and Figure B.4 shows the SR of the in situ measurements while changing
the percentage of compliance from 70 to 90%. The sensitivity analysis therefore indicates that the obtained results are robust and patterns of SR are
not sensitive to the choice of these values. At the point scale, for absolute
values, SR06 with at least 80% of stations complying, gives the best balance
between a relatively stringent requirement and the number of stations left.
For both the short-term and interannual anomalies SR04 with again 80% of
stations complying ensures enough stations for the comparison. The higher
cutoff for ABS is indicated because the common seasonality helps to more
easily achieve a certain correlation.
Figure 2.3 (first row) shows the SR in km2 of the in situ soil moisture
measurements for the absolute values and the short-term and interannual
anomalies (left to right). The second and third rows show the same but for
the soil moisture estimates of the corresponding grid cell from ECV-SM and
ERA-Land (note the different extents of the scale bars). Drawn in grey is the
total area covered by the convex hulls, i.e., the spatial footprints of the soil
moisture measurements, indicating the area the network is representative for
at the specified cutoff point. In the fourth and fifth rows the difference in
SR ( SR) between ECV-SM and in situ as well as ERA-Land and in situ is
displayed, with the insets showing barplots of this difference.
For the absolute values all products show high SR in the northwest, with
a decrease toward the east. The mean absolute difference (MD), using in
situ as reference, is higher for ERA-Land. However, the similarity in spatial
pattern of SR expressed as spatial (Spearman) correlation, is the same for
ECV-SM and ERA-Land (r = 0.5), indicating a general agreement of the
spatial patterns with the in situ data. For the short-term and interannual
anomalies, the spatial coverage for which the measurements are representative shows the same pattern for in situ and ECV-SM. With the highest
agreement between ECV-SM and in situ for the short-term anomalies (r =
0.6). For ERA-Land we see a decrease in agreement for both the short-term
and interannual anomalies (r = 0.2) compared to absolute. Additionally, we
note that for ERA-Land SR04 gives full coverage in representativeness (see
Figures B.1 to B.4 for comparison).
Overall, the SR in km2 differs between products, especially the cumulative distribution function of ERA-Land shows consistently higher values
(Figure 2.4). The disagreement between in situ and ERA-Land can be related to the products source characteristics.
Based on the scaled dependency of soil moisture variability [Vinnikov
et al., 1996; Robock et al., 1998; Entin et al., 2000] and applying the separation of timescales [Gudmundsson and Seneviratne, 2015], we define the
spatial correlation (binned at 25 km) for the in situ locations and partition
the total spatial signal into the local hydrological scale and meteorological or
climate scale (see Figure B.5). It becomes apparent that for ERA-Land the

Figure 2.3: (first to third rows) The SR (in 1000 km2 ) of surface soil moisture for in situ, ECV-SM, and ERA-Land for ABS (SR06),
STA (SR04), and IAA (SR04; left to right). Note the difference in maximum SR for ABS, STA and IAA, and between products.
In grey the convex hulls for individual stations are displayed, indicating the area for which the networks are representative at
the specified cut off points. (fourth and fifth rows) The difference in SR of ECV-SM and ERA-Land to in situ as reference. The
barplot shows the sorted SR values. Also indicated are the correlation (r) and mean absolute difference (MD) between SR of
the respective products.
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Figure 2.4: (top row) The cumulative distribution of SR (in 1000 km2) for ABS
(SR06), STA (SR04), and IAA (SR04; left to right). (bottom row) Boxplots
show the distribution of SR for the three products.

fraction of variance related to the local scale (÷) goes to zero, indicating that
small scale characteristics might not play a significant role. Additionally, we
find that the local scale plays a larger role for the in situ measurements than
for ECV-SM. This can be expected, as ECV-SM gives a mean soil moisture
over a 0.25¶ grid cell, while in situ represents a point-scale measurement.

2.3.2

Spatial representativeness at the grid scale

Figure 2.5 shows the SR for ECV-SM and ERA-Land, as well as the difference between the two products ( SR) along with boxplots of SR for absolute
values and the short-term and interannual anomalies (SR06 with 80% of stations complying). For the absolute values we find a considerably different
spatial pattern in SR and a large mean absolute difference, which is dominated by the cluster of high SR in the northeast. This result is consistent
with the findings at the point scale, with ERA-Land showing high SR in the
northwest over a much larger area than ECV-SM. For the short-term anomalies we see an east-west pattern for ECV-SM, with lower SR in the west
and higher in the east; for ERA-Land we do not detect a clear pattern. For
the interannual anomalies we find high SR along the (south) east coast for
both ECV-SM and ERA-Land. In agreement with the findings at the point
scale, ERA-Land shows consistently higher values in SR than ECV-SM. Furthermore, in ECV-SM local features are distinguishable, e.g., the Mississippi
Alluvial Plain and (especially) for the short-term anomalies, some cities, and
national parks.
Relating the normalized absolute difference in SR between the products
to the topographical complexity (TC), vegetation optical depth (VOD), and
mean uncertainty (MU) of ECV-SM, we find increasing SR with increasing
TC, VOD, and MU for the absolute values (Figures B.6 and B.7). Focusing
on the temporal anomalies, we find this relation only in TC and MU, while
for VOD no clear relation is found.

Figure 2.5: Same as Figure 2.3 but for the gridded products. (first and second rows) The SR for ECV-SM and ERA-Land and the
(third row) difference in SR between products, i.e., ERA-Land minus ECV-SM, for ABS, STA and IAA (left to right). (fourth
row) The boxplots show a summary of the distribution of SR for the whole domain.

2.3. RESULTS
37

38

2.4

CHAPTER 2. SPATIAL REPRESENTATIVENESS

Discussion and Conclusions

As was shown by Famiglietti et al. [2008] soil moisture standard deviation,
coefficient of variation, and skewness generally increases with increasing spatial scales. One would therefore expect that the grid cell soil moisture, which
already averages out subgrid variation of, e.g., soil texture, land use, vegetation, and topography, exhibits higher SR than the point-scale soil moisture
that represents local conditions. For temporal anomalies our study confirm
the results by Famiglietti et al. [2008], as we find that in general the SR of
the gridded products is higher than the SR of the point-scale in situ measurements. However, for the absolute values, some of the in situ stations show
higher SR than the corresponding ECV-SM grid cell. This could be related to
compounding factors, e.g. the fact that soil moisture retrieval is complicated
by high-topographic complexity [Dorigo et al., 2014] which characterizes this
area, and that the in situ measurements mostly come from the same network
(i.e., SNOTEL), excluding, e.g., set up specific characteristics such as sensor
calibration as a cause for differences in measurements. These factors could
have a different effect on the absolute values than on the anomalies, confirming the findings of, e.g. Mittelbach and Seneviratne [2012] and Brocca et al.
[2014b], who showed that results in absolute value of soil moisture need not
generally agree with its temporal anomalies.
The substantially higher SR of ERA-Land is likely related to smoother
surface properties of the model. This smoothness was already implied with
the comparison at the point scale, as none of the variance could be related to
the local scale, and ERA-Land showed consistently higher vales of SR (see
Figures 2.3 and B.5). The identification of the Mississippi area and some
larger cities and national parks within the ECV-SM data shows that the
applied SR method is capable of identifying areas with distinctly different
(geographical) features when they are located in an area of high SR if the
source product is sensitive enough to detect these smaller scale features. Not
finding these features in ERA-Land underlines that soil moisture variability
in ERA-Land is less sensitive to these smaller scale features. This could
be in part due to the fact that the original resolution of ERA-Land is
approximately 80 by 80 km, and the higher-resolution product used here
is not “truly” at 0.25¶ resolution and that H-TESSEL does not have an
urban tile. Another explanation could be that soil moisture in ERA-Land
is more influenced by larger scale meteorological forcing. This is supported
by the fact that the SR of precipitation interannual anomalies seems to
be related to SR of ERA-Land soil moisture interannual anomalies (not
shown). However, how much of this small-scale variation is due to noise
is not clear. A qualitative comparison of the difference maps of SR (i.e.,
Figure 2.5, third row) and the mean absolute uncertainty of the retrieval (see
Figures B.6 and B.7) at least also indicates that the differences are larger in
areas with higher uncertainty in ECV-SM, i.e., topographically complex areas
or areas with high vegetation density [Chung et al., 2013; Dorigo et al., 2014].
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In conclusion, we find the following:
1. As with the application for temperature and precipitation stations [Orlowsky and Seneviratne, 2014] the applied method is found to be robust
and capable of giving insights into the spatial extent of soil moisture dynamics and thus into the SR of soil moisture observations. The results
can also support decision making for product selection. For instance
measurements that are more representative for a larger area, while not
necessarily useful to assess small-scale feature of soil moisture dynamics
(e.g., in a small catchment), could be of particular relevance to assess
the role of large-scale drivers.
2. In contrast to previous studies using more classical geostatistical approaches [Vinnikov et al., 1996; Robock et al., 1998; Western et al.,
1999; Entin et al., 2000; Mohanty et al., 2000; Brocca et al., 2007;
Lakhankar et al., 2010], the applied method does not only identify the
decay of similarity or increase in variability with distance for entire
networks but provides an estimate of the area for which an individual
measurement is representative [Orlowsky and Seneviratne, 2014]. The
method can therefore be used to analyze existing networks and thus
identify areas where station density should be increased.
3. At the point scale, the SR of ECV-SM is closer to the SR of in situ measurements than ERA-Land. We find that for ERA-Land similarity with
in situ data are higher for absolute values than for the anomalies, likely
related to a more similar representation of the seasonal cycle, while the
spatial extent of the dynamics in the anomalies is more different, which
translates into differences in SR.
4. At the grid scale (i.e., comparison of the ECV-SM and ERA-Land data
sets), we find that the spatial extent of absolute soil moisture evolution
seems more influenced by local surface characteristics, with particular
large SR differences in regions with highly varying topography or high
vegetation optical depth (see Figures B.6 and B.7). Generally, differences in SR between the two different products are most likely related
to underlying specificities, e.g., how the products represent surface characteristics or are influenced by meteorological forcing. However, identifying the origins of the differences between the two products is not
straightforward as they are most likely linked to, e.g., both the noise
of the ECV-SM retrieval, and the “smoothness” of ERA-Land.
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Long-term predictability of soil
moisture dynamics at the global scale:
persistence versus large-scale drivers
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Abstract Here we investigate factors that influence the long lead time
predictability of soil moisture variability using standard statistical methods.
As predictors we first consider soil moisture persistence only, using two independent global soil moisture data sets. In a second step we include three
teleconnection indices indicative of the main northern, tropical, and southern
atmospheric modes, i.e., the North Atlantic Oscillation (NAO), the Southern
Oscillation Index (SOI), and the Antarctic Oscillation (AAO). For many regions results show significant skill in predicting soil moisture variability with
lead times up to 5 months. Soil moisture persistence plays a key role at
monthly to subseasonal time scales. With increasing lead times large-scale
atmospheric drivers become more important, and areas influenced by teleconThis publication was slightly changed from its original version to ensure consistency
throughout this thesis.
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nection indices show higher predictability. This long lead time predictability
of soil moisture may help to improve early warning systems for important
natural hazards, such as heat waves, droughts, wildfires, and floods.

3.1

Introduction

Climate extremes, such as heat waves, droughts, and floods can have severe
societal and environmental effects. In Europe alone, the European Environment Agency estimated losses of 52 billion euros due to flood damage, and
over 77,000 fatalities and almost 10 billion euros in losses due to extreme
temperature events for the period 1998-2009 [EEA, 2010]. Considering the
high costs that are associated with such events, developing approaches for
their prediction is of high priority.
Soil moisture is an important contributor to climate persistence on land
and thus could help in increasing the skill of environmental prediction systems (e.g., Koster and Suarez [2001]; Seneviratne et al. [2006a]; Koster et al.
[2010a]). In particular, soil moisture initialization has been shown to be
valuable for streamflow and flood prediction [Koster et al., 2010a; Brocca
et al., 2012], and there is evidence that it could also help for the prediction
of temperature and precipitation (means and extremes) in some areas [Koster
et al., 2004; Seneviratne et al., 2006b; Fischer et al., 2007b,c; Van den Hurk
et al., 2010; Koster et al., 2010b; Hirschi et al., 2011; Mueller and Seneviratne, 2012]. In addition, soil moisture has also the potential to be used for
predicting wildfire activity (e.g. Gudmundsson et al. [2014]; Krueger et al.
[2015]; Waring and Coops [2015]).
The role of soil moisture for forecasting weather and weather-related impacts is twofold. First, it is related to a range of extremes through its direct
effects on the energy and water balance (see e.g., Seneviratne et al. [2010] for
a review), and second, it induces persistence in the atmospheric variability
and land hydrology through its memory characteristics (e.g., Delworth and
Manabe [1988]; Vinnikov et al. [1996]; Koster and Suarez [2001]; Seneviratne
et al. [2006a]; Orth and Seneviratne [2012]; Seneviratne and Koster [2012]).
At time scales up to several weeks, synoptic weather patterns can have a
dominant effect on local and regional soil moisture variability [Li et al., 2011;
Diem, 2013; Li et al., 2013]. Here, however, we focus on a global analysis and
lead times beyond the synoptic time scale. For this we quantify the respective role of soil moisture memory and the influence of atmospheric drivers
that are associated with teleconnection indices in predicting long-term soil
moisture variability (i.e., lead times from 1 to 5 months). We differentiate
between the influence of soil moisture persistence and large-scale atmospheric
drivers as it can be expected that initially soil moisture memory will play a
key role in explaining soil moisture variability. With increasing lead times,
however, this effect is expected to fade out compared to the possible role
that sea surface temperatures have through their influence on atmospheric

3.2. DATA

43

circulation. For example Yoon and Leung [2015] show how soil moisture and
El Niño—Southern Oscillation sea surface temperatures could complement
each other when predicting precipitation for different regions and seasons of
the contiguous United States at seasonal time scales.
We investigate soil moisture predictability from a data-driven perspective
using two independent global soil moisture estimates. The first one is derived
from satellite measurements, and the second one (for corroboration of our results) is based on a land surface model-derived reanalysis. In addition to
antecedent soil moisture, we use three well-known teleconnection indices as
predictors that are indicative of the main northern, tropical, and southern
atmospheric modes of variability: the North Atlantic Oscillation (NAO), the
Southern Oscillation Index (SOI), and the Antarctic Oscillation (AAO) respectively. These modes of variability are known to affect local weather and
climate [Van Loon and Rogers, 1978; Rogers and Van Loon, 1979; Thompson and Wallace, 2000; Gillett et al., 2006; Bauer-Marschallinger et al., 2013]
and thus are expected to impact and therefore aid in the prediction of soil
moisture dynamics.
This article is organized as follows. In the next section we describe the
data sets used, followed by Section 3.3 describing data preprocessing and the
statistical analysis. In Section 3.4 the results are presented, followed by the
conclusions in Section 3.5.

3.2
3.2.1

Data
Remotely Sensed Soil Moisture

A merged remotely sensed data set of soil moisture retrieved from passive
and active microwave sensors on board various satellites was developed in the
framework of the European Space Agency (ESA) Climate Change Initiative
(CCI) program on the global monitoring of Essential Climate Variables [Liu
et al., 2011b, 2012; Wagner et al., 2012, www.esa-soilmoisture-cci.org].
This data set, further referred to as CCI-SM, covers the period 1979–2014
and has a spatial resolution of 0.25¶ . However, for consistency with ERALand (see section 3.2.2) we aggregate the data set to 0.75¶ . The penetration
depth of remotely sensed soil moisture is dependent on wavelength and soil
moisture content but is generally assumed to be a few millimeters to a few centimeters [Schmugge, 1983; Owe and Van de Griend, 1998; Kuria et al., 2007].
The coverage of CCI-SM, both temporally and spatially, has increased with
time. The varying coverage is due to the inherent properties of the instrument and related aspects like radio frequency interference, snow coverage or
sensor failure [Dorigo et al., 2014]. Specifically, snow cover causes the spatial
coverage of valid observations to change per season.
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Land Surface Model-Based Soil Moisture

ECMWF’s ERA-Interim/Land (ERA-Land) uses near surface meteorological fields from ERA-Interim and precipitation adjustments based on the
Global Precipitation Climatology Project v2.1 to force the Hydrology-Tiled
ECMWF Scheme for Surface Exchange over Land (H-TESSEL) land surface
model and provides estimates of a variety of surface variables at a 6-hourly
interval. It covers the period 1979-2010 and has a spatial resolution of approximately 80 km [Dee et al., 2011; Balsamo et al., 2012, 2015, www.ecmwf.int].
We use the 0.75¶ regridded ERA-Land product as this resolution best approximates the native resolution. ERA-Land soil moisture is masked out when
soil temperatures are below 0 ¶ C, and to guaranty consistent data coverage,
we further mask for unavailable data in CCI-SM.

3.2.3

Teleconnection indices

To assess the influence of large-scale atmospheric variability on soil moisture,
three teleconnection indices are considered. We use the Southern Oscillation
Index (SOI) as an index for climate variability in tropical regions, the North
Atlantic Oscillation (NAO) for the Northern Hemisphere, and the Antarctic
Oscillation (AAO) for the Southern Hemisphere. The SOI is defined as the
normalized pressure difference between Tahiti, French Polynesia and Darwin,
Australia (see, e.g., Ropelewski and Jones [1987]). It is a measure of the largescale fluctuations in air pressure during El Niño and La Niña episodes. These
episodes are known for their influence on precipitation and temperature patterns in large areas of the world (see e.g., Van Loon and Madden [1981];
Kousky et al. [1984]). The NAO is characterized by a north-south dipole in
atmospheric pressure between the Icelandic low and the Azores high [Barnston and Livezey, 1987]. It influences the intensity and location of the North
Atlantic jet stream and storm tracks which has a known effect on temperature and precipitation patterns in eastern North America and western and
central Europe especially in winter [Van Loon and Rogers, 1978; Rogers and
Van Loon, 1979]. The AAO is the dominant mode of atmospheric variability
in the Southern Hemisphere [Mo, 2000], affecting precipitation and temperature patterns [Thompson and Wallace, 2000; Gillett et al., 2006]. All indices
are obtained from the National Oceanic and Atmospheric Administration
Climate Prediction Center (www.cpc.ncep.noaa.gov).

3.3

Data Preprocessing and Analysis

First, monthly mean soil moisture is calculated for both CCI-SM and ERALand, and then detrended standardized monthly anomalies are calculated
based on at least 10 years of data. The anomalies are calculated for each
month separately, by taking, e.g., all Januaries, calculating the residual from
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the linear trend and then dividing by the standard deviation. This is repeated
for all months, for both the soil moisture and the teleconnection data.
To determine the respective impacts of persistence and of large-scale atmospheric drivers on soil moisture variability, linear regression to antecedent
soil moisture only (persistence model) and step wise linear regression to antecedent soil moisture and teleconnection indices (full model) is used. For
the persistence model, soil moisture (SM) at time (t) is modeled as
SMt = –SM SMt≠⁄ + –0

(3.1)

where –SM is the regression coefficient, SMt≠⁄ is preceding soil moisture
lagged by 1 to 5 months (⁄ = 1, 2, ...5) , and –0 is an offset. For the full
model, the persistence model is extended such that
SMt = –SM SMt≠⁄ +

N
ÿ

–i TELEi,t≠⁄ + –0

(3.2)

i=1

where TELEi,t≠⁄ is the lagged teleconnection time series (i is SOI, NAO,
or AAO) and –i are the corresponding regression coefficients. By enforcing
the inclusion of preceding soil moisture, the added value of including teleconnection indices over the persistence-only model can be determined. To
reduce the risk of over fitting, the most influential teleconnection indices are
identified at each grid-cell/location using stepwise linear regression following
Venables and Ripley [2002]. Model selection is based on comparing “Akaikes
Information Criterion” (AIC). Although this value is indicative of the quality
of models, it does not give any information on the actual performance [Hastie
and Pregibon, 1992; Venables and Ripley, 2002]. To judge the performance
of the full model over the persistence-only model, we compare the adjusted
R2 :
2
Radj
= 1 ≠ (1 ≠ R2 )

n≠1
n≠p≠1

(3.3)

thus accounting for differences in sample size (n) and number of predic2
tors (p) [Wherry, 1931]. The significance of Radj
at each grid cell is tested
using an F test. As the model is fitted to thousands of grid cells which are
spatially dependent there is an increased probability that the null hypothesis of zero correlation is falsely rejected. To control the resulting increased
false discovery rate the corresponding p values are adjusted according to Benjamini and Hochberg [1995], as recommended by Ventura et al. [2004] and
Wilks [2006]. The model is found significant at the grid cell scale only if the
adjusted p value is below the critical value (p < 0.05). The resulting spatial
patterns are declared field significant if more than 5% of the grid cells have
locally significant models [Wilks, 2006].
The analysis is performed on CCI-SM which covers the period 1979–2014
(referred to as CCI-SM1979≠2014 ). In order to compare the results with those
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Figure 3.1: Months used as predictors for various lead times. In this example at
1 month lead time (⁄ = 1) data from the months November, December, and
January (NDJ) are used to predict soil moisture in December, January, and
February (DJF), etc.

obtained using soil moisture from ERA-Land, which covers the period 19792010 only, we also run the analysis using CCI-SM from the 1979–2010 period
(CCI-SM1979≠2010 ). For ERA-Land, we consider both the first soil layer (0–
7 cm, ERA-LandLayer 1 ) as well as the integrated soil moisture of the first two
layers (ERA-LandLayers 1–2 , 0–21 cm). The analysis is performed individually
for four seasons, i.e., December, January, and February (DJF); March, April,
and May (MAM); June, July, and August (JJA); and September, October,
and November (SON). For DJF with 1 month lead time (⁄ = 1) the individual
anomalies of the soil moisture and teleconnection time series of the months
November, December and January (NDJ) are used as predictors (making the
computations for each single pairs of months, i.e. December and November,
January, and December and February and January, respectively). Similarly,
for DJF with 2 months lead time (⁄ = 2) the data of the months October,
November, and December (OND) are used, and so on (Figure 3.1).

3.4

Results

2
The explained variance, Radj
, of the persistence-only and the full model for
the four seasons for CCI-SM1979≠2014 is shown in Figure 3.2 for 1 month lead
time (⁄ = 1) and 4 months lead time (⁄ = 4). For the corresponding results of
the analyses of CCI-SM1979≠2010 , ERA-LandLayer 1 and ERA-LandLayers 1-2
see Figures C.1-C.3 in the supporting information. Note that microwavebased remote sensing estimates of soil moisture cannot be retrieved in some
regions and/or times of the year. For instance, there are areas that have no
coverage throughout the year, e.g., in the Amazon due to dense vegetation
coverage, or areas that have no coverage in specific seasons, e.g., in the
northern high latitudes during winter due to snow coverage [de Jeu et al.,
2008; Dorigo et al., 2014]. To distinguish grid cells with no or insufficient data
availability (see Section 3.3) from those with nonsignificant models (p > 0.05),
grid cells are indicated in dark gray and light gray, respectively.
As lead times increase there is a clear decrease in total area for which

2 ) of the persistence and the full model for the (top to bottom) four seasons for CCI-SM
Figure 3.2: Explained variance (Radj
1979≠2014
(⁄ = 1, left) and CCI-SM1979≠2014 (⁄ = 4, right). Dark gray areas denote no or insufficient data availability, and light gray areas
denote nonsignificant models (p > 0.05).
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a significant model can be derived, i.e., increase in the extent of light gray
areas for ⁄ = 4 compared to ⁄ = 1 (Figure 3.2). The predictability of soil
moisture does further vary per season and region. For example, there is a
clear seasonal difference in predictability for India, with high predictability
in DJF (dry season) but much lower to none in JJA (monsoon season, see
Figure 3.2). The difference in predictability arises from the difference in soil
moisture persistence during these seasons (both in the persistence-only model
and the full model). This is in line with previous studies, where stronger soil
moisture persistence, and thus higher predictability, was found under dry
compared to humid conditions [e.g., Seneviratne et al., 2006a; Mo et al., 2012;
Orth and Seneviratne, 2012; Xia et al., 2014]. This might also explain the
high predictability of soil moisture over Australia, a notably dry region. The
explanation for this feature is the fact that under humid conditions, noise
induced by atmospheric forcing tends to increase, although under very dry
conditions the dependency of evapotranspiration on soil moisture can also
reduce persistence [Seneviratne et al., 2006a, Figure 12].
2
Figure 3.3 shows the explained variance (Radj
) of the full model for
the four seasons at ⁄ = 1 for CCI-SM1979≠2014 , CCI-SM1979≠2010 , ERA2
LandLayer 1 and ERA-LandLayers 1-2 . The spatial patterns of Radj
of CCISM1979≠2010 and CCI-SM1979≠2014 agree well, indicating that shortening the
time period from 1979–2014 to 1979–2010 (i.e., as covered by ERA-Land)
does not influence the results. The ERA-LandLayer 1 results are characterized by large areas with nonsignificant (p > 0.05) models. Using ERALandLayers 1-2 improves coverage of areas with significant results, and coverage becomes more comparable to the CCI-SM coverage. Additionally, when
comparing the sign of the regression coefficients that contribute to the full
model of CCI-SM1979≠2014 and of ERA-LandLayers 1-2 , the results compare
well (see Figures C.4–C.7).

Figures 3.4 and 3.5 summarize the findings for DJF and JJA for six regions
(see Figures C.8 and C.9 for MAM and SON). The regions are based on one
or more SREX regions [see IPCC, 2012, Figure 3-1 therein]. Each panel
shows the explained variance and the percentage of grid cells with significant
models for the persistence-only model and the full model at ⁄ = 1, 2, ..., 5.
With increasing lead times there is a clear decrease in explained variance
and fraction of grid cells in which a significant model can be identified for
both the persistence and the full model. Also, for all considered soil moisture
products the full model increases the time window for which the results are
field significant, indicating that at longer lead times large-scale atmospheric
drivers increasingly contribute to soil moisture predictability. The different
soil moisture products, however, do not always react in the same way. We
find that in the persistence-only model explained variance decreases rapidly
for ERA-LandLayer 1 and field significant is lost around ⁄ = 2, 3. By contrast,
ERA-LandLayer 1-2 shows far greater persistence, losing field significance at
⁄ Ø 3 for the persistence only model. This is in line with the findings of e.g.

2 ) of the full model at ⁄ = 1 for the four seasons (top to bottom) for CCI-SM
Figure 3.3: Explained variance (Radj
1979≠2014 ,
CCI-SM1979≠2010 , ERA-LandLayer 1 and ERA-LandLayers 1-2 (left to right, see text for details). As Figure3.2, dark gray areas
denote no or insufficient data availability, and light gray areas denote nonsignificant models (p > 0.05).
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Xia et al. [2014], who also found an increase in persistence with soil depth.
When teleconnection indices are included, improvements in predictability
are commonly found in areas that are known to have a strong response to
these indices (compare the persistence versus the full model in Figure 3.2;
2
see also Figures C.10–C.13 for the difference in Radj
between the full model
and the persistence-only model). The effect of including teleconnection indices becomes stronger with increasing lead times, as demonstrated by the
larger differences in explained variance of the full model as compared to the
persistence-only model with increasing lead times (Figures 3.4, 3.5, and C.8–
C.13). Figures C.14 to C.17, show the main contributor to the prediction
model for ⁄ = 1, 2, 3, and 4. At ⁄ = 1 persistence is clearly the main predictor, while at ⁄ = 4 only those areas where teleconnection indices play a role
show predictability. For example, over Australia in SON, persistence plays a
prominent role in the prediction model at ⁄ = 1, while at ⁄ = 4 SOI is the
main predictor. The same holds true for North America in DJF (compare
Figure C.15 to C.17). Other areas of notable increase in predictability when
teleconnection indices are included are eastern Brazil and southern Argentina
(in JJA and SON) and the southern part of Africa (in JJA).
For ⁄ > 1 the results of CCI-SM are generally more comparable to those
of ERA-LandLayers 1-2 than to those of ERA-LandLayer 1 (see Figures 3.4, 3.5,
and Figures C.8 and C.9 in the supporting information). This, is somewhat
unexpected, as the penetration depth of microwave remote sensing of soil
moisture (such as CCI-SM) is in the order of a few millimeters to centimeters [Schmugge, 1983; Owe and Van de Griend, 1998; Kuria et al., 2007],
which is nominally more similar to the depth of the first ERA-Land soil layer
(0-7 cm). At lead times beyond 1 month ERA-LandLayer 1 shows virtually no
persistence, while for ERA-LandLayers 1-2 and for CCI-SM persistence plays a
prominent role (also at longer lead times). The rapid decrease of the number
of grid cells for which the persistence model converges for ERA-LandLayer 1
could be related to the fact that for drier regions the temporal variability of
soil moisture in ERA-LandLayer 1 appears higher than the temporal dynamics of ERA-LandLayers 1-2 and CCI-SM (see Figure C.18). Alternatively, it
could be an indication that the penetration depth of CCI-SM is deeper than
assumed.

3.5

Conclusions

We investigated the impact of soil moisture persistence (persistence-only
model) as well as the added value of modes of atmospheric variability (full
model) on the long-term predictability of soil moisture dynamics (lead times:
1 to 5 months). Our findings show that at monthly to subseasonal time
scales soil moisture persistence plays a key role in explaining soil moisture
variability, and regional and seasonal differences in predictability are in large
part due to differences in the persistence of soil moisture. We further find

Figure 3.4: Summary of the results for CCI-SM1979≠2014 , CCI-SM1979≠2010 , ERA-LandLayer 1 and ERA-LandLayers 1-2 for the
persistence only model and the full model (⁄ = 1–5) for DJF (see Figures 3.5, C.8, and C.9 for the other seasons). Results
are summarized for six regions based on one or more SREX regions (original SREX region numbers indicated in brackets above
the plots). The map at the top shows these regions, with dark colors indicating grid cells with sufficient data for the analysis.
2 ), points indicating the median and whiskers the interquartile ranges, and
The panels show (top) the explained variance (Radj
(bottom) the fraction of grid cells for which a significant model (p < 0.05) is found. Results are declared field-significant if the
fraction of significant grid cells is above 0.05 (i.e., above the red dashed line).
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Figure 3.5: As Figure 3.4 but for JJA.
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generally higher persistence under dry conditions, which is in line with previous findings (see, e.g. Mo [2000]; Orth and Seneviratne [2012]; Xia et al.
[2014]).
With increasing lead times, predictive skill decreases for both the persistence and the full model, and the fraction of grid cells for which a significant
model is found decreases. Including large-scale atmospheric drivers, i.e., the
three teleconnection indices (SOI, NAO and AAO), helps to increase the window of soil moisture predictability, in particular in regions influenced by these
indices. For example, regions of high predictability coincide with regions that
exhibit high correlation between SOI and soil moisture [see Miralles et al.,
2014b]. And the long lead time predictability in Australia is consistent with
the findings of Bauer-Marschallinger et al. [2013], who showed the strong
influence of SOI (and AAO, there represented by the SAM index) on surface
soil moisture in this region.
In conclusion, our findings show that predictability of soil moisture dynamics is highly region dependent. For many regions we found significant
skill in predicting soil moisture with lead times up to 5 months, e.g., Australia, North America, southern Africa, and parts of South America. This
long lead time predictability of soil moisture could be used to improve early
warning systems, e.g., heat waves, droughts, wildfires and floods, and more
in-depth regional studies could improve our understanding of the underlying
processes.
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in temperature, precipitation, evapotranspiration and vegetation activity associated with extreme dry soil moisture conditions, quantified by composite
analyses of drought events. The behavior of these variables as drivers or in
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in all variables, most noticeably in temperate wet regions. Vegetation activity shows a delayed response, likely due to the buffering effect of water
uptake from deeper soil layers. In temperate wet regions droughts are pre1
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ceded by a precipitation deficit, while in other regions droughts occur during
anomalously hot years. Our analysis demonstrates how remotely sensed soil
moisture observations from ESA CCI help to understand drought development and drought impacts, as well as their dependence on climatic zones
and the predominant vegetation.

4.1

Introduction

Droughts have significant economical, agricultural and societal consequences,
however, the impact of a drought differs depending on the strength and duration of the event, and on the resilience of the affected area. The international
disaster database [Guha-Sapir et al., 2015] shows that during the years 19902015 Africa counted 168 drought events, totaling 21,139 deaths and over four
billion dollars in damages. In contrast, Europe counted 31 drought events
with only two directly related deaths but over 20 billion dollars in damages
(Table D.1). The United Nations reports nearly 800 million people that
are chronically undernourished resulting from (among other things) drought,
as diminishing crop yields or crop failures lead to hunger and famine [UN,
2016]. And, though debated, recent publications have even linked drought
to armed conflicts in e.g. Syria [Gleick, 2014; Kelley et al., 2015]. In developed countries, the impacts of droughts can often be mitigated. For instance
in Australia, several years of unprecedented drought prompted the building
of desalination plants to prevent interruptions to domestic water supplies
in every capital except Darwin [El Saliby et al., 2009]. And in California,
groundwater substitution, water trading and operational flexibility greatly
reduced the cost of the drought impacts, preserving the most valuable crops
and buffering the economic impacts [Howitt et al., 2014].
The Intergovernmental Panel on Climate Change Special Report on Managing the Risks of Extreme Events and Disasters to Advance Climate Change
Adaptation (IPCC SREX) definition of droughts emphasizes that droughts
are related to periods of water deficits either due to reduced precipitation
and/or increased evapotranspiration [Seneviratne et al., 2012b]. In particular, it differentiates between meteorological, agricultural and hydrological
droughts and points out that in addition to the lack of precipitation, evapotranspiration excesses can be potent drivers for soil drying and low flows.
Furthermore, in some regions human influences such as poor water management and bad land practices play an important role for drought impacts [Van
Loon et al., 2016].
Consequently, the exact definition of drought can differ depending on the
application or the nature of the study, and should be clearly defined. This
involves differentiating between the nature of the water deficit (i.e. meteorological drought, agricultural (or soil moisture) drought, and hydrological
drought), and defining the time scale and region under consideration, as well
as the truncation level to define a drought state [Dracup et al., 1980; Heim
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Jr, 2002; Seneviratne et al., 2012b; Stagge et al., 2015]. The lack of good
global soil moisture observations has led to the development of numerous indices that function as soil moisture proxies. These indices are usually derived
from meteorological variables such as precipitation and temperature. Examples for the indirect quantification of soil moisture drought include, but are
not limited to, the Standardized Precipitation Index [SPI, McKee et al., 1993;
Stagge et al., 2015] and the Palmer Drought Severity Index [PDSI, Palmer,
1965]. Though these are often the only available indicators, one should be
aware that they are primarily meteorological drought measures and do not
necessarily capture all features of soil moisture drought [Dai, 2011]. In addition, issues with some applications of the PDSI have been highlighted when
too simple representations of potential evaporation (e.g., Thornthwaite equation) are used for its computation [Sheffield et al., 2012].
Extremely low soil moisture conditions can directly be linked to the occurrence and persistence of extreme weather events and weather-related impacts
in many regions of the world [Fischer et al., 2007b,c; Van den Hurk et al.,
2010; Koster et al., 2010a; Hirschi et al., 2011; Brocca et al., 2012; Mueller
and Seneviratne, 2012; Gudmundsson et al., 2014; Blauhut et al., 2015; Whan
et al., 2015]. Changes in soil moisture regimes also affect modifications of climate variability in a changing climate [Seneviratne et al., 2006b, 2013; Lorenz
et al., 2016]. This originates from the direct influence of soil moisture on the
water and energy cycles through land-atmosphere interactions [see e.g. Seneviratne et al., 2010, for a review]. Examples include the extreme temperatures
during the mega-heatwaves of 2003 in France and of 2010 in Russia, with
temperatures that were only possible due to the combined effect of exceedingly dry soils (leading to increased air temperatures) and atmospheric heat
accumulation [Fischer et al., 2007c; Jaeger and Seneviratne, 2011; Miralles
et al., 2014a; Hauser et al., 2016]. Here soil moisture is especially relevant as
it can be predicted with long lead times [Nicolai-Shaw et al., 2016].
Evaporative cooling over wet soils can suppress extreme temperatures
[Bonan, 2008; Seneviratne et al., 2010], and when soils dry out, vegetation
can aid in postponing or mitigating a rapid rise in surface temperature by
increasing the uptake of water from deeper layers and extending the period of
unstressed transpiration[Teuling et al., 2006; Bonan, 2008; Hillel, 2003]. Differences in vegetation response arise from adaptation to, e.g., arid or more
humid conditions [Hillel, 2003]. Overall, trees have a deeper rooting depth
than grasses, allowing them to extract water from deeper soil layers during droughts [Eggemeyer et al., 2009]. Access to deeper layers can help to
mitigate or dampen the impact of long-lasting droughts [Teuling et al., 2010],
which can explain the observed higher temperatures over grassland than over
forest during the 2003 heat wave in Europe [Zaitchik et al., 2006].
Water deficiencies can have strong negative effects on vegetation. For
instance, Zscheischler et al. [2013] show the negative impact of water scarcity
on the fraction of absorbed photosynthetically active radiation (fPAR), a
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proxy for the photosynthetic process. Also, extreme negative anomalies in
photosynthetic carbon uptake are more closely linked to low water availability
than to extreme temperatures [Reichstein et al., 2007; Zscheischler et al.,
2014a]. And more indirectly, droughts can influence vegetation through for
example wildfires [Gudmundsson et al., 2014]. Again, the vegetation response
to soil moisture drought is not uniform, and depends on region and vegetation
type [Reichstein et al., 2013; Zscheischler et al., 2014b].
While many studies have investigated the impacts of droughts on various
climate and ecosystem variables, they are often not global [e.g. Eggemeyer
et al., 2009], or they do not make use of direct soil moisture observations [e.g.
Fischer et al., 2007b; Hirschi et al., 2011; Zscheischler et al., 2014b], which
limits our ability to draw generalized conclusions. Here we use the satellite
derived global soil moisture observations from the European Space Agency
Climate Change Initiative (ESA CCI) to 1) define periods of extreme dry
soil moisture conditions and 2) study the temperature, precipitation, evapotranspiration, and vegetation activity anomalies to these extremely dry soil
moisture conditions through drought event composite analysis, differentiating between five distinct climate classes and land cover types.

4.2

Data sets and data preprocessing

In the following we give an overview of the data sets used for the analysis
(Table 4.1), and a description of the data preprocessing steps.

4.2.1

Data sets

Soil moisture The applied remote-sensing based soil moisture data set
was developed in the framework of the European Space Agency Climate
Change Initiative (ESA CCI) program on the global monitoring of Essential
Climate Variables [Liu et al., 2011a, 2012; Wagner et al., 2012]. It has a 0.25¶
spatial and a daily temporal resolution, and is given in units of m3 /m3 and
represents the upper few centimeters of the soil [Kuria et al., 2007]. With the
increase of available satellites, over time data availability and data quality has
increased [Dorigo et al., 2010, 2014]. Here we use the merged data set (v3.0),
derived from the collocated C-band scatterometer data set (1991-2015) and
the collocated multi-frequency radiometer data set (1979-2015).
Evapotranspiration The Global Land Evaporation Amsterdam Model
(GLEAM) consists of a set of algorithms which estimate the different components of land evaporation [Miralles et al., 2011; Martens et al., 2016]. Here
we use GLEAM_v3.0a, which spans the period 1980-2014 and has a 0.25¶
spatial and a daily temporal resolution. For the analysis we use actual evapotranspiration (ET , mm/day), which is defined as the sum of transpiration,

Temperature
Precipitation
Frac. of photosynthetically act. rad.
Landcover

Climate zones

ERA-Interim

Köppen-Geiger

ESA CCI
1951 - 2000

1998 - 2012

1981 - 2011

1979 - 2014

1980 - 2014

Temp. cov.
1979 - 2015

Static

3 epochs

2x p/mo.

Daily

Daily

Temp. res.
Daily

0.5¶

300m

1/12¶

0.25¶

0.25¶

Spatial res.
0.25¶

Kottek et al. [2006]
koeppen-geiger.vu-wien.ac.at/

Reference & source
Liu et al. [2011a, 2012]; Wagner et al. [2012]
www.esa-soilmoisture-cci.org
Miralles et al. [2011]; Martens et al. [2016]
www.gleam.eu
Dee et al. [2011]
www.ecmwf.int/
Zhu et al. [2013]
sites.bu.edu/cliveg/datacodes/
www.esa-landcover-cci.org

Table 4.1: Overview of the data sets used indicating the original properties of the products.

Evaporation

GLEAM

fPAR

Variable
Soil moisture

data set
ESA CCI
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bare-soil evaporation, open-water evaporation, interception loss and snow
sublimation.
Temperature and precipitation Temperature and precipitation data
are taken from the ERA-Interim global atmospheric reanalysis produced by
the European Centre for Medium-Range Weather Forecasts [ECMWF, Dee
et al., 2011]. We use the interpolated 0.25¶ data set, the original resolution
is approximately 80 km. Daily total precipitation in meters of water is produced by the forecasting model, and is defined as the sum of snowfall and
rain (ERA-P). Regarding temperature, we use the 6 hourly 2 meter air temperature product from the analysis to define the maximum daily temperature
(ERA-Tx ).
fPAR As a proxy for vegetation activity, we us the fraction of absorbed
photosynthetically active radiation (fPAR) derived by Zhu et al. [2013]. The
authors first trained a neural network algorithm between the NDVI3g and
Terra Moderate Resolution Imaging Spectroradiometer (MODIS) fPAR products for the overlapping period (2000-2009). The trained model was then used
to obtain the fPAR3g data set covering about 30 years. It has a 1/12¶ spatial resolution and twice monthly temporal resolution. fPAR is a measure of
the fraction of absorbed radiation by vegetation with a wave length between
0.4≠0.7 µm, and is a proxy for photosynthetic activity [Gobron et al., 2010].
Land cover The global ESA CCI Land Cover data set (v1.6.1) consists
of three land cover classification maps which are centered on the years 2000
(1998 - 2002), 2005 (2003 - 2007), and 2010 (2008 - 2012). It has a 300 meter
spatial resolution with global coverage and uses the legend as defined by the
UN Land Cover Classification System (LCCS).
Climate zones We use the climate classification classes originally proposed
by Köppen [1900] and later updated by Geiger [1954, 1961]. Kottek et al.
[2006] used this classification to establish a new digital Köppen-Geiger world
map with a 0.5¶ spatial resolution using the temperature data set from the Climatic Research Unit (CRU) of the University of East Anglia and the precipitation data set from the Global Precipitation Climatology Centre (GPCC)
at the German Weather Service. The Köppen-Geiger climate classification
consists of 31 climate classes.

4.2.2

Data selection and preparation

The CCI-Landcover data set is simplified to 5 land cover classes including
sparse vegetation, grassland, shrubland, tree cover and rainfed cropland. We
use the 5 main classes of the Köppen-Geiger climate classes, that is, cold
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Figure 4.1: For each grid cell of the CCI soil moisture data set, the mean seasonal
cycle is defined and the dry season is determined (Step 1). The dry season
is then classified into non-extreme periods (red, In ) and 10th percentile driest
periods (yellow, I10 , Step 2). Finally, the drought response is calculated for
each response variable and the results are plotted (shown here for GLEAM
evapotranspiration, Step 3).

arid, hot arid, temperate dry, temperate wet and equatorial climates. See
Tables D.2 and D.3 for details.
To match the temporal resolution of fPAR, CCI soil moisture, GLEAM
and ERA-Tx and ERA-P data is aggregated to twice monthly data, with days
1-15 belonging to the first half of the month and days >15 to the second half
of the month. This has the added benefit of reducing data gaps, which could
considerably influence the results, especially when extreme events are in- or
excluded [Loew, 2013]. Data sets are regridded to the CCI soil moisture grid
using bilinear interpolation for fPAR or prevalent class for the CCI Landcover
and Köppen-Geiger classes.
A mask of common data availability is created and applied to all data
sets to ensure consistent spatial and temporal data coverage. We base our
analysis on the 1991-2011 period, as 1991 is the first year scatterometer data
was included in the CCI soil moisture data set, and fPAR does not extend
beyond 2011.

4.3

Method

In this global assessment we analyze the temperature, precipitation, evapotranspiration and vegetation activity anomalies to extremely dry soil moisture conditions during the dry season using drought event composite analysis (Figure 4.1). Compositing, or superposed epoch analysis (SEA), has
been widely used in various studies to determine the response to particular
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Figure 4.2: (a) The percentage of data available for the analysis, and (b) driest
month based on the seasonal cycle.

events Adams et al. [2003]; Fischer et al. [2007a]; Lesk et al. [2016]. Drought
response composites are computed using the following steps:
1. Define the mean seasonal cycle and dry season For each grid cell
the mean seasonal cycle is calculated for the 1991-2011 period, requiring at
least 11 years and at least six months of data per year (Figure 4.2a shows the
percentage of data available for the analysis). From the mean seasonal cycle
the dry season is extracted as the driest month (Figure 4.2b) and surrounding
two months. The time steps of dry seasons are denoted as I in the following.
2. Determine the periods of dry soil moisture (sm) extremes From
the time steps of dry seasons (I), time steps with soil moisture below the
10th percentile (p10 ) are selected and denoted by I10 . The remaining (not
extremely dry) time steps are denoted by In :

I10

=

In

=

{i œ I | smi < p10 }
{i œ I | smi > p10 }

3. Drought response composites Anomalies are calculated by subtracting the mean seasonal cycle from the original twice monthly time series. Subsequently the drought response (DR) is calculated as the median of the difference between each combination of the anomalies within I10 and In :
DR = median(Xi ≠ Xj )

with

i œ I10
j œ In

where X denotes the anomaly vector of a soil moisture or response variable.
The drought response is calculated during the height of the drought, as well
as during the onset (the preceding 4 months) and recovery (the subsequent 4
months) by shifting the time step vector I by half month periods (i.e., I + ⁄
with ⁄ = ≠4, ≠3.5, ..., 3.5, 4 months).
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Figure 4.3: Overview of (a) the climate classes and (b) the land cover types.

To quantify if the distributions of the two samples (i.e., In and I10 , for the
corresponding time lags) are significantly different the non-parametric MannWhitney U test [Wilks, 2011] is used. The false discovery rate is controlled
by adjusting p-values [Benjamini and Hochberg, 1995; Ventura et al., 2004;
Wilks, 2006, 2016], thus accounting for multiple testing. The null hypothesis
is rejected only if the adjusted p≠value is below the critical value (p < 0.1).
4. Spatial averaging The temperature, precipitation, evapotranspiration
and vegetation activity anomaly during dry soil moisture extremes for ⁄ =
≠4, ..., 4, is broken down for the five distinct climate classes, and further
subdivided into the five land cover types (Figures 4.3a and b). Summaries
are calculated if the land cover class covers at least 5% of the area of the
climate class.

4.4
4.4.1

Results
Global patterns of drought response

Figure 4.4 shows the anomaly composites to soil moisture drought conditions
two weeks prior, during the height of the drought, and two weeks after the
drought (⁄ = ≠0.5, 0 and 0.5) for all analyzed variables. Non-significant
differences (see Section 4.3) are masked out (p > 0.1), see Figure D.1 for the
non-masked plot.
At the height of the drought (⁄ = 0) by construction soil moisture shows
a strong negative anomaly. Strongest signals are found in the eastern United
States, large parts of South America, Europe, east Asia, the eastern most part
of Australia and New Zealand (coinciding with temperate wet regions, Figure 4.3a). The evapotranspiration anomaly is strong over the central United
States, extending south along the east coast of Mexico where land cover is
primarily grassland (Figure 4.3b). In South America, Northern Argentina
shows a high a evapotranspiration anomlay, this is a temperate wet region,
covered primarily by grassland and cropland. South from here, there is a
strip of high evapotranspiration, right at the edge of cropland and shrubland.
Further strong negative anomalies of evapotranspiration are found in eastern
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Australia and eastern India. Regions with positive evapotraspiration anomalies are found in central Europe, the United Kingdom, and east Asia. The
largest (negative) anomalies found for evapotranspiration coincide with those
for vegetation activity (i.e., fPAR). Also the positive anomalies are found in
the same locations, however for vegetation activity they are generally not significant. Positive temperature anomalies are found over the central United
States, South America, Europe, southeastern Africa, large parts of Asia, and
most of Australia, with temperature deviations of approximately three degrees. Precipitation shows a negative anomaly over these same areas.
Two weeks before the height of the drought (⁄ = ≠0.5) the dry down
has already begun, i.e., soil moisture shows negative anomalies. The spatial
pattern, though with diminished magnitudes, coincides with that at ⁄ =
0. Evapotranspiration already shows a strong negative anomaly over the
central United States, Northern Argentina, and eastern Australia. Positive
evapotranspiration anomalies are found in the eastern and western United
States and central Europe. As at ⁄ = 0 the vegetation activity anomaly is
similar though less significant than the evapotranspiration anomaly. Positive
temperature and negative precipitation anomalies are found in the central
United States, Europe, East Asia and Australia. A noticeably precipitation
anomaly is found in Northern Argentina.
At ⁄ = 0.5, two weeks after the height of the drought, soil moisture has not
yet recovered, and has a similar spatial pattern (magnitudes are diminished)
to that at ⁄ = 0. The evapotranspiration anomaly shows a similar spatial
pattern to that at ⁄ = 0 for regions with an extreme negative anomaly. Other
areas that exhibited a positive evapotranspiration anomaly, however, now
show either a negative or a non-significant anomaly. The areas of negative
vegetation activity have extended or intensified (e.g. over Brazil, Europe
and Australia), and areas that exhibited a positive anomaly at ⁄ = 0 now
show either a less positive (e.g. eastern and western United States) or even
negative anomaly (e.g. Europe). This indicates a delay in the negative effect
of soil moisture drought on vegetation. No significant anomalies are found
anymore for temperature and precipitation (excluding some small patches),
indicating a return to normal conditions.

4.4.2

The influence of climate and land cover

The anomalies during extreme dry soil moisture conditions, summarized for
five distinct climate classes, and further subdivided into five land cover types,
are shown in Figure 4.5. In a cold arid climate the evapotranspiration anomalies follow that of soil moisture (except for sparse vegetation), indicating that
evaporation and soil moisture are closely and positively linked (Figure 4.5).
Vegetation activity shows a gradual and delayed response, but the negative
anomaly remains up to approximately ⁄ = 4. The temperature anomaly mirrors that of soil moisture and shows a clear positive peak at ⁄ = 0. Grassland
has the most pronounced anomaly of just over 1.5 degrees on average, while

Figure 4.4: Drought response composites two weeks prior, during the height of the drought, and two weeks after the drought (⁄
= -0.5, 0 and 0.5, left to right) for all response variables considered in the analysis (top to bottom). Non-significant differences
(p>0.1) are masked out.
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tree cover has the lowest anomaly, approximately 0.7 degrees. We observe a
small precipitation anomaly leading up to the drought, a peak at ⁄ = 0, and
full recovery to normal by ⁄ = 0.5.
In hot arid regions the soil moisture anomaly is already visible at ⁄ =
≠4, peaks at ⁄ = 0 and then gradually recovers by approximately ⁄ = 3.
Croplands (rain fed and not irrigated according to the land cover map) show
less of an anomaly at ⁄ = 0 than the other land cover types and recover
faster. Evapotranspiration shows a small negative anomaly in the months
leading up to the drought, dipping down right before ⁄ = 0. Recovery is
gradual and returns to normal conditions by approximately ⁄ = 2. The
vegetation response is negative during the whole period, and no clear signal
is visible. There is a positive temperature anomaly of approximately half a
degree leading up to the drought and spiking at approximately one degree.
No precipitation anomaly is visible except for a small dip at ⁄ = 0.
In temperate dry regions evaporation shows a gradual decline preceding
the drought, peaking at ⁄ = 0, and mostly recovered by ⁄ = 2. There
is no distinct vegetation prior to the drought, though there is a negative
anomaly at ⁄ = 0.5 persisting through to ⁄ = 2. The temperature anomaly
is consistently positive from ⁄ = ≠4 to ⁄ = ≠0.5, peaking at ⁄ = 0, after
which there is a gradual recovery to normal conditions. Precipitation shows
a small negative peak at ⁄ = 0.
Temperate wet regions show the strongest anomalies of all climate classes.
Shrub and grassland show the strongest evaporation anomalies at ⁄ = 0, and
crop land shows a delay for its negative peak. The vegetation activity shows
a delayed response, peaking at ⁄ = 0.5, with forest showing virtually no
anomaly until ⁄ = 0.5. The temperature and vegetation response of forest
to soil moisture drought is less than that of the other land cover classes. The
precipitation anomaly gradually increases until ⁄ = 0, and then displays a
rapid recovery to normal by ⁄ = 0.5. This could indicate that in temperate
wet regions soil moisture drought is terminated by the onset of rain.
In the equatorial region, evaporation follows the drought, but shows a
smaller anomaly, indicating that there is still enough water present for evaporation. The vegetation response is delayed and peaks at ⁄ = 0.5. The
temperature anomaly is around a quarter to half a degree, and there is a
small peak in negative precipitation at ⁄ = 0.

4.5

Discussion and conclusion

In this study typical climate and vegetation conditions associated with climatologically extreme dry soil moisture conditions are investigated at the
grid scale using composites. The initial grid-scale view is important, as an
analysis of the global average conditions could be overshadowed by regions
which show little response. In addition, the grid-scale focus allows us to distinguish the responses or drivers by climate regions and land cover types. In

Figure 4.5: The top row gives an overview of the spatial distribution of land cover per climate class. Rows two to six show
summaries of the drought response, differentiating between the five different climate classes and land cover types, for each of the
response variable for ⁄ = ≠4, ..., 4. Lines indicate the median response and whiskers the interquantile range.
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some regions, evapotranspiration prior to the drought event displays a positive anomaly and is thus a driver for the drought occurrence, similarly to
or in some case possibly larger than lack of precipitation [Seneviratne et al.,
2012a; Teuling et al., 2013]. For example, central North America shows cooler
than average temperatures, slightly positive precipitation, but higher than
average evapotranspiration (positive anomaly) at ⁄ = ≠0.5. On the other
hand, evapotranspiration anomalies are often negative both before and after
the drought, illustrating the switch to soil moisture limited evapotranspiration regime often occurring under drought conditions [e.g., Seneviratne et al.,
2010; Zscheischler et al., 2015]. Regarding this latter feature, nonetheless, it
should be noted that the GLEAM product is not fully independent of the
CCI-SM data set. Indeed, GLEAM requires root-zone soil moisture to estimate actual evaporation. This is calculated based on observed precipitation,
but corrected for random forcing errors through CCI-SMv2.3 assimilation
[Martens et al., 2016]. Though an other CCI-SM version than used here,
some similarities in signal between the CCI-SM and GLEAM data sets could
stem from this assimilation procedure.
Differences between energy limited and soil moisture limited regimes
[Seneviratne et al., 2010] can be seen over Europe. At ⁄ = ≠0.5 when
most of Europe is subjected to enhanced temperatures, the vegetation and
evapotranspiration anomaly over Southern Europe is negative (soil moisture
limited) while that over Central Europe is positive (energy limited). At
⁄ = 0 the vegetation anomaly over Central Europe is still mostly positive,
while the evapotranspiration response is transitioning to negative. This indicates that vegetation in Central Europe can still uptake water from deeper
soil layers, while the evapotranspiration response signal might be influenced
by the reduction in bare soil evaporation which dries out quicker [Hillel, 2003].
Alternatively, this could indicate a limitation of the evapotranspiration estimates of GLEAM, which might neglect available water at deeper soil layers
for plants.
In cold arid and temperate wet regions, the temperature anomaly is lower
over forested areas than over grassland, and in temperate wet regions both
the evapotranspiration and vegetation anomaly is larger over shrubland and
grassland than over forest. This suggests that forests are longer able to
sustain photosynthesis using water from deeper layers than other ecosystems,
which is in line with findings of Zaitchik et al. [2006] and Teuling et al. [2010].
With the exception of the temperate wet region, temperatures are higher than
normal prior to the drought peak, while the precipitation anomaly is around
zero (similar to normal conditions). In the temperate wet region however,
the precipitation anomaly prior to the drought is quite considerable. This implies that in temperate wet regions, droughts are preceded by a precipitation
deficit while in the other regions droughts usually occur during anomalously
hot years. It also highlights the difference in drought drivers. Whereas in
temperate wet regions, droughts are mainly caused by a precipitation deficit,
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in other regions extreme hot temperatures also strongly contribute to drought
development.
Arid regions show a low response in vegetation activity. These regions are
often characterized by high interannual variability, i.e., pronounced dry and
wet seasons. However, their intensity can strongly differ across years, due
to El Niño and other multi-annual climate oscillations. The derived mean
seasonal cycle could therefore be noisy, as it is made up of an average of
these extreme and non-extreme years [Zscheischler, 2014]. In these regions
it might be better to derive the extreme periods (I10 ) from the full year
instead of first determining the dry season. Alternatively, the low response
of vegetation activity in arid regions might be due to an excellent adaptation
of plants to their local environments [Hillel, 2003].
Unlike other studies, we do not focus on a specific drought event, but on
the general response or causes of drought conditions. In addition, we do not
use a proxy for soil moisture drought, but instead use remote-sensing based
soil moisture observations to determine periods of droughts. A significant signal associated with soil moisture drought conditions is found in all analyzed
variables (either indicating cause or consequence), i.e., evapotranspiration,
vegetation activity, temperature and precipitation, most noticeably in the
temperate wet region. Vegetation activity shows a delayed response, most
noticeably in the temperate wet regions, likely caused by the buffering of
water uptake from deeper layers. In temperate wet regions, droughts are
preceded by a precipitation deficit, while in other regions droughts occur during anomalously hot years. Lastly, in temperate wet regions precipitation is
back to normal conditions already two weeks after the drought peak, indicating that a return to normal precipitation conditions breaks the drought.
Our study demonstrates the usability of satellite remote-sensing based soil
moisture for drought impact assessments. These data can also be used to
precisely determine drought onset and drought breaking. A main advantage
of remotely sensed soil moisture is that it renders a detailed calibration of
the main drought drivers, precipitation and evapotranspiration, unnecessary.
Hence, it has the potential to complement or even replace commonly used
soil moisture proxies in the near future.
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Conclusions

In this thesis the ESA CCI soil moisture data set was used for various climate applications. The first study (Chapter 2) could be considered as an
alternative approach of validating the data set, i.e. by comparing the spatial
representativeness of in situ, remote-sensing, and land surface model based
soil moisture products. Though the differences found might say less about
the validity but more about the intrinsic characteristics of the data sets, e.g.,
in terms of the represented length scales. In the second study (Chapter 3) the
known characteristic of persistence in soil moisture was exploited to predict
soil moisture dynamics. While the third study (Chapter 4) focused on periods of extreme dry soil moisture conditions, and quantifying the response of
temperature, precipitation, evapotranspiration and vegetation activity. The
following main conclusions can be drawn from these chapters.
Chapter 2: Using three different soil moisture data sets, i.e. in situ,
remote-sensing (CCI-SM), and land surface model (ERA-Land) based, the
spatial representativeness of the temporal dynamics of absolute soil moisture and its temporal anomalies over North America is quantified. An intercomparison of the resulting spatial representativeness between the three
soil moisture products shows that at the in situ locations, the three products
show similar patterns in spatial representativeness for absolute soil moisture,
while for the temporal anomalies CCI-SM and the in situ observations are
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more comparable. The mean absolute difference (MD), using in situ as reference, is higher for ERA-Land in all cases. Between CCI-SM and ERA-Land
(comparing the full grids) largest differences in spatial representativeness are
found for the absolute values. Differences can be attributed to the products intrinsic characteristics, i.e. for CCI-SM low similarities are found in
areas in which remote-sensing of soil moisture is the most challenging (topographically complex terrains and areas with dense vegetation), while for
ERA-Land soil moisture and its spatial representativeness was affected by
the smoothed model topography and surface properties. In addition, an interesting outcome is that we were able to show the scale dependency of soil
moisture variability. Based on the decay in spatial correlation with increasing inter-station distance, the total soil moisture variability was partitioned
into local hydrological-scale and meteorological-scale variability (Figure B.5).
For ERA-Land atmospheric forcing dominates soil moisture dynamics, and
the impact of local-scale characteristics on the dynamics is small. For in situ
observations, local land parameters influence soil moisture dynamics up to
a length scale of LL < 25km. The same counts for CCI-SM, however to
a lesser extent. This could also explain why in CCI-SM local features are
distinguishable, e.g., the Mississippi Alluvial Plain, while this is not the case
for ERA-Land.
Chapter 3: The predictability of soil moisture dynamics was investigated
at the global scale, focusing on lead times beyond the synoptic scale, i.e.
one to five months, and differentiating between the influence of soil moisture
persistence and large-scale atmospheric drivers (NAO, SOI, and AAO). The
analysis is performed on two independent global soil moisture products, i.e.
one satellite remote sensing based (CCI-SM), and (for corroboration of our
results) one land surface model-based (ERA-Land). The results show that
soil moisture persistence plays a dominant role at monthly to subseasonal
lead times (up to approximately three months), while large-scale atmospheric
drivers become more important as lead times increase (i.e., for lead times > 3
months). Regional and seasonal differences in predictability are in large part
due to differences in the persistence of soil moisture. An example of seasonal
differences is the high predictability found in India in DJF (dry season), while
the predictability in JJA (monsoon season) is much lower. This longer lead
time predictability under dry conditions is related to the generally higher persistence under these conditions, which is in line with previous findings [see
e.g., Mo, 2000; Orth and Seneviratne, 2012; Xia et al., 2014]. This likely also
explains the high predictability in Australia, a notably dry region. When teleconnection indices are included improvements in predictability are notably
found in areas that are known to have a strong response to these indices,
e.g. Austalia and North America [Bauer-Marschallinger et al., 2013; Miralles
et al., 2014b]. For many regions we found significant skill in predicting soil
moisture dynamics, with lead times up to five months, e.g. Australia, North
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America, southern Africa, and parts of South America. This long lead time
predictability of soil moisture could help to improve early warning systems
for important natural hazards, such as heatwaves, droughts, wildfires and
floods.
Chapter 4: In this third study the impact of soil moisture deficits on the
climate system is investigated by studying the relationship between extreme
dry soil moisture conditions and climate variables such as temperature,
precipitation, evapotranspiration and vegetation activity. This relationship
is then quantified using drought event composite analysis. A significant
relationship, though highly region and season dependent, is found between
extreme dry soil moisture conditions and all investigated climate variables.
The most notable relationship is found in temperate wet region. In these
regions a precipitation deficit precedes the drought and a rapid recovery
to normal precipitation conditions breaks the drought, indicating that a
deficiency in water input (rain) is the main driver of soil moisture drought.
Drought drivers and responses however differ per region, and are not always
easy to distinguish. For example over Southern Europe (more soil moisture
limited) the vegetation and evapotranspiration anomalies are negative when
subjected to enhanced temperatures, and droughts are likely driven by
enhanced temperatures. In Central Europe (more energy limited), the
vegetation and evapotranspiration anomalies are positive, which could imply
the importance of evapotranspiration for drought development opposed
to lack of precipitation [Seneviratne et al., 2012a; Teuling et al., 2013].
Vegetation activity generally shows a delayed response, likely due to the
buffering effect of water uptake from deeper layers. The consistent behavior
of the different (mostly independent) data sets adds reliability to the applied
products, in particular also to CCI-SM.

5.2

Outlook

In de Jeu et al. [2014b] an overview is given of applications where LPRM
has had a significant added value, and Dorigo and de Jeu [2016] expanded on
this list with studies where satellite based soil moisture in general has had
a significant added value. The many studies using satellite remote sensing
based soil moisture, and the two dedicated soil moisture missions (SMOS
and SMAP) show the recognition of the usefulness of satellite remote sensing
based soil moisture. The first version of CCI soil moisture, covered the period
1979-2010, in the mean time v03.0 will cover the period 1979-2015, increasing
the temporal coverage by five years. And improvements in the algorithms and
merging schemes, and a thorough description of the error characteristics make
this data set more and more reliable, making it a good candidate for future
climate applications. In the next three sections I will first highlight some
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aspects that are currently considered for future remote-sensing soil moisture
product development, then refer to some of the current known issues and
limitations, and close this thesis with ideas for future research based on the
presented studies.

5.2.1

Developments in Remote-Sensing Soil Moisture

A dielectric constant product The relationship between soil moisture
and dielectric constant has been shown to be mostly linear. At low soil
moisture values however, this does not hold as water is bound tightly to
the matrix and is not free to move (Figures 1.2b and 1.9). In addition, the
dielectric constant is not just a function of soil moisture but also depends
on the composition of the soil, where soils with smaller particles (silts and
clays) have a high area-to-volume ratio and are capable of holding more
water tightly [Wang and Schmugge, 1980; de Jeu et al., 2014b]. In order to
solve for soil moisture the Wang-Schmugge model needs information on soil
wilting point and porosity, which in LPRM is obtained from the 1¶ FAO soil
property map. However as was shown by de Jeu et al. [2014b] artifacts of this
soil map can be visible in the final product. For this reason, they propose a
passive product using the dielectric constant as a proxy for soil moisture. This
seems like a plausible solution, especially as it offers users the possibility to
themselves derive soil moisture using their own knowledge of local conditions
and choice of dielectric mixing model. And for those users more interested
in the temporal dynamics of soil moisture, using the dielectric constant as a
proxy for soil moisture might be sufficient. In addition the added value of
more retrievals in the dry regime, should be a good reason to consider an
LPRM dielectric constant product.
A higher resolution data set The higher resolution active data is aggregated for CCI-SM, due to the coarser resolution of the passive products.
Parinussa et al. [2014] showed though that by applying the Smoothing FilterIntensity Modulation (SFIM) downscaling method on AMSR-E brightness
temperature, it is possible to obtain a reliable passive soil moisture product
with a spatial resolution of approximately 11 km. In fact, this new product
showed similar or even better correspondence to two other independent soil
moisture products over most of their research area. Only in both arid and
densely vegetated regions did the agreement decrease. These results show a
promise for a future higher resolution merged data set.
Integrating SMOS observations The Soil Moisture and Ocean Salinity
(SMOS) satellite observations offer potential advantages as the lower frequency is less sensitive to clouds and vegetation cover. To solve for soil moisture, LPRM needs an estimate of effective soil temperature. So far this has
not been a problem, as it could be estimated from higher frequency channels
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which were simultaneously retrieved. The SMOS radiometer unfortunately
does not measure at this higher frequency, and another source for temperature is needed. Van der Schalie et al. [2015, 2016] successfully retrieved
soil moisture using LPRM on SMOS observations. However, the process
did introduce another ancillary data set (temperature), and as the authors
note, further research is needed to determine its effects on the retrieved soil
moisture.

5.2.2

Known Issues and Limitations

Desert regions Over extremely dry regions very little is known about
what the sensor actually ‘sees’. As mentioned in Chung et al. [2014c], in
desert environments the dry reference shows seasonal variations which can
not be attributed to vegetation, and backscatter actually decreases when the
soil becomes slightly wet. Also SMOS LPRM shows a wet bias in desert
regions, that is in contrast to the dry bias in other regions, possibly due to
the deeper penetration depth at L-band for these soil moisture conditions
[Van der Schalie et al., 2015], and more research is needed to explain the
effect.
Data gaps Data gaps within the CCI-SM data set are inherent to the
product. In particular the early retrievals based on SMMR data suffer from
data gaps due to the instruments small swath width and power constraints.
Temporal smoothing can notably decrease datagaps, e.g. Loew et al. [2013]
showed a reduction from 73% (±17%) to 30% ± 23% missing data globally by
applying a 5 day running mean temporal smoothing filter. As persistence is
an inherent property of soil moisture [Delworth and Manabe, 1988; Vinnikov
et al., 1996; Koster and Suarez, 2001; Seneviratne et al., 2006a; Orth and
Seneviratne, 2012; Seneviratne and Koster, 2012], it supports the idea of
applying such a filter when continuous data is needed. In addition, the lack
in overlap between SMMR and the preceding sensors called for a different
rescaling method (see Section 1.4.2). Loew et al. [2013], warn therefore that
any trend analysis on CCI-SM needs to be critically interpreted, and Dorigo
et al. [2012] start their global trend analysis only after 1988.
Product validation Absolute difference has been central in measurement goals set by e.g. ESA in the SMOS calibration validation and retrieval plan, aiming at a retrieval accuracy of 4% volumetric soil moisture
(https://earth.esa.int/pub/ESA_DOC/R9-SMOS-VRT-plan.pdf. It remains
questionable though if in situ soil moisture will ever be representative of satellite derived soil moisture, especially in areas with extremely heterogeneous
soils. Is it really possible to bridge this discrepancy in spatial scales through
upscaling of in situ measurements [Crow et al., 2012]. In other words, can we
overcome issues like measurement depth, soil texture, mean soil water content, land use, altitude, or climate [Vinnikov et al., 1996; Famiglietti et al.,
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2008; Hu et al., 2010, 2011; Krauss et al., 2010; Dharssi et al., 2011; Martinez
et al., 2013; Li and Rodell, 2013; de Rosnay et al., 2013]. Or do we just need
to accept that each method measures slightly different aspects, and that in
some areas the two measurement techniques will not be reconciled.
More useful therefore might be an accurate parameterization of the error
structures of the product, which has been the focus of the work of e.g., Gruber et al. [2016a,b]. Or showing the successful use of the data set in various
fields of applications. For example in my last study evapotranspiration, vegetation activity, temperature and precipitation showed a clear response to
extremely low soil moisture conditions (based on the CCI-SM soil moisture)
in many regions of the world. Or Crow et al. [2009, 2011], who showed the
improvement of satellite based rainfall estimates using remote-sensing based
soil moisture, and more recently Brocca et al. [2013, 2014a] even successfully
estimated global rainfall based on remote-sensing based soil moisture.
Root zone soil moisture Root zone soil moisture is a recurring theme
in many of the CCI soil moisture meetings. This is in part due to the perceived importance of root zone soil moisture for land-atmosphere interaction studies. An example of this is the study by Hirschi et al. [2014], who
showed that the strength of soil moisture-temperature coupling when using
remote sensing based soil moisture versus SPI appears to be underestimated.
Likely due to the decoupling of the surface layer from temperature under
dry conditions. Also Qiu et al. [2014] showed that for predicting near-future
vegetation anomalies vertically integrated soil moisture was more valuable
than surface soil moisture. However, they also show that the enhanced information content of the integrated soil moisture is present in the surface soil
moisture if a low-pass transformation is applied [Wagner, 1998]. In a next
study though, Qiu et al. [2016] showed that there is no clear evidence that
integrated soil moisture has an added value for describing the relationship
between the evaporative fraction and soil moisture. It is thus important to
consider the application, before assuming the added value of root zone soil
moisture, and more research is needed to develop new and evaluate existing
data assimilation strategies.

5.2.3

Future research questions

Spatial representativeness The spatial representativeness of the different soil moisture measurements can be further evaluated. Comparing the
footprint of higher resolution remote sensing data to that of the CCI-SM
data, could give an indication on the effect of aggregating the active data
[or upscaling the passive data, as in Parinussa et al., 2014] with regards to
information lost or gained. Such a study can be performed on the global
scale and is not limited to North America like the first study, as in situ soil
moisture need not be included.
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In addition, research into the length scale related to land parameters
could be valuable, and give an indication as to what signal of soil moisture
dynamics is being observed at the current resolution. If the length scale is
below that of the spatial resolution, soil moisture variability is mostly influenced by atmospheric parameters (as was seen for ERA-Land in Chapter 2),
while products with a resolution higher than the length scale will show more
local effects. Therefore, for local studies a data set at a higher resolution
than the land property spatial scale would be required, while information at
the atmospheric scale would be of more interest for global studies as small
local land characteristics might introduce unwanted noise. However, which
resolutions that would entail is currently still unknown.
Development of regional early warning systems for important natural hazards In Chapter 3, the important role of persistence for predicting
soil moisture has been demonstrated. Soil moisture plays a key role in the
development of many climate extremes such as heat waves, droughts and
floods, and considering the high costs associated with such events, prediction
of soil moisture is of high priority. This study could form the basis for a
more detailed regional assessments, especially in those regions where high
predictability was shown, i.e. Australia, North America, southern Africa,
and parts of South America. The current study is based on monthly data,
at more local or regional scales though higher temporal resolutions might
be necessary in order to distinguish the impact of synoptic weather patterns
and more regional indices that can dominate local and regional soil moisture
variability.
Soil moisture and its link to other climate variables The last study
presented in this thesis (Chapter 4) shows promise for a higher temporal
resolution and more localized study. For example, the twice monthly temporal resolution was a compromise for including the fPAR data. However,
other data sets are available at higher temporal resolutions and a more in
depth analysis into the two months surrounding the drought extreme would
be of interest. An example is the positive response in the Eastern United
Stated and Central Europe prior to the drought extreme for evapotranspiration, which would indicate that evapotranspiration plays a significant role in
drought development. A higher temporal resolution could further enhance
and isolate this signal.
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Platform
Time
period used
Algorithm
product
version

SMM/I
TRMM
Jan 1998 Dec 2013

TMI

LPRM v05

Aqua
Jul 2002 Okt 2011

AMSR-E

6.9/10.7
GHz
L/X-Band

LPRM v05

GCOM-W1
May 2012 Dec 2014

AMSR2

6.9/10.7
GHz
L/X-Band

LPRM v05

Coriolis
Oct 2007 Jul 2012

WindSat

50 x 50

5.3 GHz
C-Band

WARP 5.4
P1R1

ERS1/2
Jul 1991 Dec 2006

AMI-WS

25 x 25

5.3 GHz
C-Band

WARP 5.5
P1R1

ERS2
May 1997 Feb 2007

AMI-WS

25 x 25

5.3 GHz
C-Band

WARP 5.5
P2R1

MetOp
Jan 2007 Dec 2014

ASCAT

Global

25 x 25

–

v1

Active microwave products

SMMP
DMSP
Sep 1987 Dec 2007
LPRM v05

6.9/10.7
GHz
L/X-Band

25 x 35

Global

Passive microwave products

Nimbus 7
Jan 1979 Aug 1987
LPRM v05
10.7 GHz
X-Band

35 x 62

Global

–

Model
product
GLDAS-1Noah
–
Jan 2000 Dec 2013

LPRM v05
19.3 GHz
Ku-Band

76 x 44

Global

1100 (550 x
2)

6.6 GHz
L-Band

Original
spatial
resolutionú
(km2 )
Spatial
coverage

Channel
used
59 x 36

Global

500

69 x 43

Global

500

–

150 x 150

Global

1025

D: 09.30

Global

1450

D: 10.30

Global

1445

D: 10.30

1400

D: 06.30

780

D: 01.30

Swath
width (km)

D: 01.30

kg m≠2

For passive and active instruments, this stands for the footprint spatial resolution

m3 m≠3

N40¶ to
S40¶
780/897
after boost
in Aug 2001
Varies
(non-polarorbiting)

Degree of
saturation
(%)

D: 06.30

Degree of
saturation
(%)

D: 0.00

Degree of
saturation
(%)

Equatorial
crossing
time

m3 m≠3

m3 m≠3

m3 m≠3

m3 m≠3

m3 m≠3

Unit
ú

Table A.1: Major characteristics of passive and active microwave instruments and model product used for the CCI soil moisture
product. Adapted from Chung et al. [2014a].
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Figure A.1: Overview of the processing steps in the ECV SSM product generation.
Note: The pre-processing step for the radiometer input data sets takes care for
the correct data conversion from swath format to gridded format; this processing
step also makes sure that all input data sets are brought into a common data
file format. Pre-processing is not needed for the scatterometer data sets as they
are already available in proper data and file format. From Chung et al. [2014a].
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Figure A.2: Spatial coverage of areas for which AMI-WS data are available for
more than 15% of the days. The time period 16.02.2003 - 31.12.2006 is split into
eight time segments for which a different number of ground receiving station is
available. For each of the periods the threshold of 0.15 fraction of days is
computed individually. Note that these maps only show the AMI-WS data
availability. The merging scheme still need to decide whether to use active or
passive data based on the comparison of the VOD values (see Figure 2). Only
in cases when AMI-WS data is to be used the data availability is checked based
on these maps. If the pixel is within the green area, then AMI-WS is used.
Otherwise the algorithm replaces missing AMI-WS with data from the passive
product. Figures (a) and (f) show that the AMI-WS availability is very poor
or not existing at all so that AMI-WS is globally replaced with passive data for
these two periods. From Chung et al. [2014a].
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Figure A.3: Detailed spatial coverage where passive (yellow), active (green) or
potentially both products (blue) are used in the combined data set for the time
period from 16.02.2003 to 31.06.2006. Regions colored red are areas where
the standard merging scheme would use AMI-WS data, but because of poor
data availability a replacement with data from the Passive product has been
introduced. These areas identify that AMSR-E data are used instead of AMIWS, because the AMI-WS data availability is less than 0.15. (a) Area covered
by passive, active, both, and passive data replacement are 41%, 0%, 14.2%, and
44.8% respectively; b) 41%, 6%, 14.2%, and 38.8% respectively; c) 41%, 3.7%,
14.2%, and 41.1% respectively; d) 41%, 5.5%, 14.2%, and 39.3% respectively;
e) 41%, 13.7%, 14.2%, and 31.1% respectively; f) 41%, 0%, 14.2%, and 44.8%
respectively; g) 41%, 10.1%; 14.2, and 34.7% respectively; h) 41%, 6.5%, 14.2%,
and 38.3% respectively. Not shown here is the coverage for the time period
from 01.07.2002 – 15.02.2002. The coverage for this period is the same that is
presented in Figure 1.12c. From Chung et al. [2014a].
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Figure B.1: Same as Figure 3, but for SR04.

B.1. SUPPLEMENTARY PLOTS

Figure B.2: Same as Figure 3, but for SR06.
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Figure B.3: Same as Figure 3, but for SR08.

B.1. SUPPLEMENTARY PLOTS
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Figure B.4: SR of in-situ measurements, for ABS (SR06), STA (SR04) and IAA
(SR04), however here with varying percentages of compliance (top to bottom).

Figure B.5: Mean correlation between soil moisture time series versus distance,
binned at 25 km. Vertical bars show the standard deviation of the observed
mean correlation. Fitted curves are derived according to [Gudmundsson and
Seneviratne, 2015].
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Figure B.6: Topographic complexity, vegetation optical depth and mean uncertainty (left to right) given as ancillary data with the ECV-SM data.

Figure B.7: Boxplots showing the distribution of normalized differences in SR of
ECV-SM and ERA-Land in relation to different bins of topographic complexity,
vegetation optical depth and mean uncertainty (top to bottom) for ABS, STA
and IAA (left to right). Numbers in brackets show the number of grid cells the
respective boxes are based on, and the colors of the boxes correspond to the
colorbar in Figure S6.
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Figure C.1: As Figure 2, but for CCI-SM1979≠2010 .
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Figure C.2: As Figure 2, but for ERA-LandLayer 1 .

Figure C.3: As Figure 2, but for ERA-LandLayers

1-2 .

C.1. SUPPLEMENTARY PLOTS

93

Figure C.4: Sign of the regression coefficients from the full model for CCISM1979≠2014 and ERA-LandLayer 1 (DJF, ⁄ = 1 and 4).

Figure C.5: As Figure C.4, but for MAM.
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Figure C.6: As Figure C.4, but for JJA.

Figure C.7: As Figure C.4, but for SON.
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Figure C.8: As Figure 4 but for MAM.

Figure C.9: As Figure 4 but for SON.
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Figure C.10: Difference in explained variance ( R2adj ) of the full model over
the persistence only model for ⁄ = 1, for the four seasons (top to bottom) for CCI-SM1979≠2014 , CCI-SM1979≠2010 , ERA-LandLayer 1 and ERALandLayer 1-2 (left to right). Gray indicates no or insufficient data, blue no
change, and reds the increase in R2adj when using the full model.

Figure C.11: As Figure C.10, but for ⁄ = 2.
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Figure C.12: As Figure C.10, but for ⁄ = 3.

Figure C.13: As Figure C.10, but for ⁄ = 4.
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Figure C.14: Overview of the main contributor (Persistence, SOI, NAO or
AAO) to the full model for ⁄ = 1, for the four seasons (top to bottom) for CCI-SM1979≠2014 , CCI-SM1979≠2010 , ERA-LandLayer 1 and ERALandLayer 1-2 (left to right). Dark gray indicates no or insufficient data, light
gray p>0.05.

Figure C.15: As Figure C.14, but for ⁄ = 2.
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Figure C.16: As Figure C.14, but for ⁄ = 3.

Figure C.17: As Figure C.14, but for ⁄ = 4.
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Figure C.18: Coefficient of variation of soil moisture for CCI-SM, ERALandLayer 1 and ERA-LandLayer 1-2 , indicating the range of variation for approximately 67% of the time. For example a value of 0.2 indicates that 67% of
the time soil moisture will vary by only +/- 20% from its long term average. For
the drier regions, we see that CCI-SM is more comparable to ERA-LandLayer 1-2
than to ERA-LandLayer 1 .
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Continent
Africa
Americas
Asia
Europe
Oceania

Events
168
103
96
31
19

Deaths
21,139
57
3025
2
84

Affectedú
287,004,603
62,764,911
926,523,571
7,288,769
9,950,019

Damage (’000$)
4,352,939
50,865,939
39,041,859
20,326,309
4,956,000

Source: The International Disaster Database, http://www.emdat.be/
Defined as: people requiring immediate assistance during a period of
emergency, i.e. requiring basic survival needs such as food, water, shelter, sanitation and immediate medical assistance.
ú

Table D.1: Overview per continent of drought events and their impacts during
the years 1990-2015. Shown here the number of drought events, the number of
people affected and the number of casualties, as well as the associated costs in
United States dollars [Guha-Sapir et al., 2015].

New class
1: Cropland (rainfed)
2: Tree cover

3: Shrubland
4: Grassland
5: Sparse vegetation

10:
11:
40:
50:
60:
61:
62:
70:
71:
72:
80:
81:
82:
90:
100:
120:
121:
122:
130:
150:
152:
153:
200:
201:
202:

Original class
Cropland, rainfed
Herbaceous cover
Mosaic natural vegetation
Tree cover, broadleaved, evergreen, closed to open (>15%)
Tree cover, broadleaved, decidious, closed to open (>15%)
Tree cover, broadleaved, decidious, closed (>40%)
Tree cover, broadleaved, decidious, open (15-40%)
Tree cover, needleleaved, evergreen, closed to open (>15%)
Tree cover, needleleaved, evergreen, closed (>40%)
Tree cover, needleleaved, evergreen, open (15-40%)
Tree cover, needleleaved, decidious, closed to open (>15%)
Tree cover, needleleaved, decidious, closed (>40%)
Tree cover, needleleaved, decidious, open (15-40%)
Tree cover, mixed leaf type (broad- and needleleaved)
Mosaic tree and shrub (>50%)/herbaceous cover (<50%)
Shrubland
Evergreen shrubland
Decidious shrubland
Grassland
Sparse vegetation (tree, shrub, herbaceous cover)(<15%)
Sparse shrub (<15%)
Sparse herbaceous cover (<15%)
Bare areas
Consolidated bare areas
Unconsolidated bare areas

Table D.2: Overview of the applied aggregation to the landcover classes.
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New class
Equatorial
Cold Arid
Hot Arid
Temperate dry
Temperate wet

103

Original class
Af, Am, As, Aw
BWk, BSk
BWh, BSh
Csa, Csb, Csc, Cwa, Cwb, Cwc
Cfa, Cfb, Cfc

Table D.3: Overview of the applied aggregation to the Köppen-Geiger classes.

Figure D.1: As Figure 4.4, but not masked for non-significant differences.
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