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Abstract

Terrestrial water storage (TWS)1 and evapotranspiration (ET), two key variables of the
global water cycle, are not only crucial for agriculture and the estimation of current and
future water availability, but also for seasonal forecasting and climate modeling. The
importance of TWS for land-atmosphere coupling has long been recognized. More
available water means, e. g., decreased surface heating due to increased ET for the
same energy input at the land surface. Investigating land-climate interactions at the
global scale is still difficult due to the lack of TWS and ET datasets of high accuracy,
high resolution and large coverage.

The present thesis has several aims. New TWS and ET estimates are derived
and described. Several additional TWS, soil moisture and ET datasets from various
sources are compared and analyzed. Interannual variations of ET and precipitation, a
closely related variable, are described, and regions of strong surface water-temperature
coupling are identified based on observational data.

In the first part of the thesis, a basin-scale dataset of monthly TWS changes is
derived from atmospheric reanalysis fields (a fixed data assimilation system for past
observations) and observed river discharge. The dataset is shown to have very
high accuracy in large river basins and correlates strongly to independent datasets
of soil moisture and TWS, available from both in-situ or remote sensing measurements.
The derived TWS changes are not only valuable for model validation, but could also
be extended to near real-time estimates where river discharge measurements are
available.

Besides TWS changes, ET from different datasets diagnosed from observations and
from land-surface models, reanalyses and global climate models (IPCC AR4 models), is
also evaluated. The uncertainties in all these ET dataset categories are comparable at
the global scale. The large-scale patterns are well reproduced in all dataset categories.
However, large uncertainties still exist in the tropical regions, where the ET datasets

1TWS encompasses surface, soil and ground water, snow, ice and water contained in the biomass.
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differ in their multi-annual means, seasonal cycles and also inter-annual variations. The
analyses also reveal that the forcing data, which are necessary to derive ET, have a
strong influence on resulting ET, but the influence of the model structure itself is also
large.

The datasets that are available for 1989-2005 show a decline in ET trend for the period
1998-2005 as compared to 1989-1997 both globally and for arid regions of the Southern
Hemisphere, which might indicate that these regions were recently subject to drying.
In regions where the availability of soil moisture is limited (such as in dry, as well as
in transitional climate regions), ET is influenced by water availability, and a link to
surface air temperature is possible. This relation, in particular the occurrence of hot
days during the hottest month of the year following months with anomalous precipitation
deficits (a surrogate for moisture deficits), is investigated using observations. Regions
displaying a strong coupling of precipitation deficits and temperature extremes are
overall more widespread than previously assumed and include most of the Americas,
Europe, Australia, China and the Southern tip of Africa. A comparison of the occurrence
probability of hot days after dry conditions and the occurrence probability after wet
conditions reveals that wet conditions prohibit the occurrence of hot days globally. On
the other hand, dry conditions are more often followed by an above-average number of
hot days in the regions where the coupling between the land surface (i. e. precipitation
deficits) and temperature is strong.

These results reveal a significant potential for improving hot extremes forecasting over
many areas of the globe, which in turn highlights the importance of reliable soil moisture
and ET datasets. Uncertainties in ET data are influenced by uncertainties in their forcing
fields and the parametrizations employed. Thus, observational networks of several
variables of the hydrological cycle (e. g. soil moisture, ET, precipitation) are still a crucial
data basis for land-climate studies, as well as for the direct estimation of current and
future fresh water availability.
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Zusammenfassung

Bodenwasserspeicherung2 und Evapotranspiration (im Folgenden Verdunstung3 genannt) sind
zwei Schlüsselvariablen im globalen Wasserzyklus. Sie sind nicht nur elementar für die
Landwirtschaft und die Abschätzung von gegenwärtiger und zukünftiger Wasserverfügbarkeit,
sondern auch für saisonale Wettervorhersagen und Klimamodellierung. Die Wichtigkeit des
Bodenwassers für die Koppelung der Landoberfläche und der Atmosphäre ist seit langem
bekannt. Eine erhöhte Bodenwasserverfügbarkeit bedeutet zum Beispiel eine geringere
Temperaturerhöhung durch erhöhte Verdunstung bei gleich bleibender Energie, die an der
Landoberfläche verfügbar ist. Die Untersuchung von Land-Klima Wechselwirkungen auf
globaler Skala ist aber durch das Fehlen von genauen, hoch aufgelösten und grossflächigen
Bodenwasserspeicher- und Verdunstungsdatensätzen erschwert.

Die hier vorgestellte Arbeit hat mehrere Ziele. Es wurden neue Bodenwasser- und
Verdunstungsdatensätze berechnet und beschrieben. Mehrere zusätzliche Datensätze von
verschiedenen Quellen wurden miteinander verglichen und untersucht. Weiter wurden jährliche
Schwankungen von Verdunstung sowie Niederschlag, der eng verbunden ist mit Verdunstung,
beschrieben. Schliesslich wurden anhand von Beobachtungsdaten Regionen definiert, in denen
Bodenwasser und Temperatur stark gekoppelt sind.

Im ersten Teil der Arbeit wurden monatliche Änderungen im Bodenwasserspeicher mit
Daten von einer atmosphärischen Reanalyse (ein fixes Datenassimilationssystem für
Beobachtungen aus der Vergangenheit) und beobachteten Abflussmessungen abgeschätzt.
Diese Daten sind sehr präzise in grossen Flussbecken und korrelieren stark mit unabhängigen
Datensätzen von Bodenfeuchte und Bodenwasserspeicherung, die von Feldmessungen
oder Satellitenmessungen stammen. Der hier berechnete Bodenwasserspeicherdatensatz ist
nützlich für die Überprüfung von Modellen und kann auch für Abschätzungen von Bodenwasser
in Echtzeit benutzt werden, wenn Abflussmessungen vorhanden sind.

Neben Bodenwasserspeicherdaten wurde in dieser Arbeit auch Verdunstung von
verschiedenen Datensätzen, die auf beobachteten Daten beruhen, sowie von Land-

2beinhaltet Wasser, das im Boden (Bodenfeuchte), auf der Bodenoberfläche, in Schnee, Eis und in
Biomasse gespeichert ist, sowie Grundwasser

3beinhaltet auch Transpiration, Sublimation und Interzeption
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Oberflächen-Modellen, Reanalysen und globalen Klimamodellen, untersucht. Global gesehen
sind die Unsicherheiten in diesen verschiedenen Gruppen von Verdunstungsdatensätzen
ähnlich. Die grossskaligen Muster werden von allen Gruppen gut wiedergegeben. Es
gibt jedoch weiterhin grosse Unsicherheiten in den Tropen. Dort unterscheiden sich die
Verdunstungsdatensätze in den Mittelwerten über mehrere Jahre, dem Jahreszeitenzyklus wie
auch in den jährlichen Schwankungen. Die Auswertungen der Datensätze zeigen auch, dass
die Datensätze, aus denen die Verdunstungsdaten berechnet werden, einen grossen Einfluss
auf die Verdunstung haben, jedoch auch die Modelle und Algorithmen, die zu deren Berechnung
benutzt werden, wichtig sind.

Die Verdunstungsdatensätze, die über die Zeitperiode 1989-2005 vorhanden sind, zeigen in
den Jahren 1998-2005 eine Verminderung des Verdunstungstrends gegenüber 1989-1997.
Dies gilt sowohl global als auch für trockene Gebiete der Südhalbkugel, was bedeutet, dass
diese Gebiete in letzter Zeit trockener geworden sind. In Gebieten, wo die Wasserverfügbarkeit
im Boden begrenzt ist (in trockenen Gebieten wie auch Übergangszonen zwischen trockenen
und feuchten Gebieten), ist die Verdunstungsrate abhängig von der Wasserverfügbarkeit,
und ein Einfluss auf die Lufttemperatur ist möglich. Dieser Einfluss, genau genommen das
Auftreten von Hitzetagen während dem wärmsten Monat im Jahr nach Monaten mit einem
Mangel an Niederschlag (als Annäherung von Bodenwasserverfügbarkeit zu verstehen), wird
hier mit Beobachtungsdaten untersucht. Es gibt mehr Gebiete, in denen Temperaturextreme
und Niederschlagsmangel zusammenhängen, als bisher angenommen. Dazu gehören grosse
Teile von Nord- und Südamerika, Europa, Australien, China und die Südspitze von Afrika. Ein
Vergleich der Wahrscheinlichkeit, dass Hitzetage nach trockenen Phasen auftreten und der
Wahrscheinlichkeit, dass sie nach feuchten Phasen auftreten, zeigt, dass feuchte Bedingungen
das Auftreten von Hitzetagen fast überall auf der Erde verhindern. Dagegen kommt nach einer
Trockenheit eine überdurchschnittliche Anzahl von Hitzetagen in Gebieten, wo die Koppelung
zwischen der Landoberfläche (d.h. hier Niederschlagsmangel) und der Temperatur stark ist,
häufig vor.

Diese Resultate zeigen in vielen Gebieten der Erde ein deutliches Potenzial für
die Verbesserung der Vorhersage von Hitzetagen, was wiederum die Wichtigkeit von
zuverlässigen Bodenfeuchte- und Verdunstungsdatensätzen demonstriert. Unsicherheiten in
Verdunstungsdatensätzen sind abhängig von den Daten und Parametrisierungen, die zu
ihrer Berechnung verwendet werden. Deshalb sind Beobachtungsnetzwerke für mehrere
hydrologische Grössen (z.B. Bodenfeuchte, Verdunstung, Niederschlag) unabdingbar für die
Untersuchung des Zusammenhangs der Landoberfläche und des Klimas sowie, ganz direkt, für
die Abschätzung von gegenwärtiger und künftiger Verfügbarkeit von Süsswasser.
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1
Introduction

This chapter introduces the research problems addressed in this PhD-thesis.
It provides background information, gives an overview on the activities
undertaken in this research field and discloses the motivation of the presented
study.



4 Chapter 1: INTRODUCTION

1.1 Motivation

The hydrological cycle is a key component of the climate system. An increase in
global temperature leads, according to the Clausius-Clapeyron relation, directly to
an enhanced evaporative demand, possibly resulting in higher global evaporation,
precipitation and runoff, but also in higher soil moisture depletion in some land areas.
The quantification of the changes in these components is inherently essential since
they determine the availability of freshwater and the occurrence of droughts and floods.
Moreover, on the land surfaces, evapotranspiration (ET)1 and soil moisture influence
the climate, and the realization of their importance for seasonal weather forecasting,
including the prediction of droughts and heat waves, and climate change projections
has recently been increasing.

Despite their manifold relevance for atmospheric and climate studies, there is still a
lack of ground truth measurements of both soil moisture and ET in many regions of
the world. These measurements are the most accurate estimates available and often
used to validate global datasets derived from empirically- and physically-based models
with input data e. g. from satellite missions, or land-surface and global climate models.
However, such a validation has major shortcomings due to the large scale differences.

In this thesis,

a) a new retrospective, basin-scale dataset of TWS changes is derived, validated
with in-situ data and compared to a previously derived dataset and satellite
retrievals of soil moisture;

b) global land ET datasets from various sources are inter-compared, focusing on the
dependence of the estimates on the input data and their structure;

c) trends and interannual variations of hydrological variables in different climate
regimes are studied to address the issue of a possible intensification of the global
water cycle; and

d) the link between surface water anomalies and the evolution of heat extremes is
studied globally with a focus on the determination of the regions where such a link
exists and where water deficit information could be used for hot day prediction.

1We use the term evaporation as an umbrella term for the physical process of change of state from
liquid to vapor, which includes the same processes as described with evapotranspiration (transpiration,
open water evaporation, soil evaporation, interception and snow sublimation). Evaporation is used for
ocean and land evaporation, while evapotranspiration refers to land only evaporation.
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A more detailed description of the role of evaporation and soil moisture in the water
cycle and the climate system, as well as an introduction to the datasets derived and
analyzed within this PhD thesis are given in the following subsections. This chapter is
completed with an outline of the thesis.

1.2 Climatic relevance of hydrological quantities

Oceans constitute the main water reservoir in the hydrological cycle. Evaporation
over the oceans exceeds precipitation, the difference is transported to the land
surface (Figure 1.1, Q) and falls as precipitation over land (P ). Nonetheless, the
largest moisture source for land precipitation (65%, see, e. g. Chahine 1992) is
evapotranspiration (ET ) from land surfaces. The water cycle is completed by runoff (R),
which returns water from the land surfaces to the oceans. A relatively small amount of
water is stored in the atmosphere (W ). The main reservoir of water on land is terrestrial
water storage (TWS), which encompasses soil moisture, groundwater, snow and ice,
surface water and water stored in the biomass.

The prime driver of the hydrological cycle is the radiative energy available at the Earth’s
surface. An intensification of the hydrological cycle, expected with warmer temperatures
and a positive trend in surface net radiation (Wild et al. 2008), would manifest itself with
an increase in land precipitation and ET. However, enhanced evaporative demand and
decreased precipitation in some land regions, as projected in several climate scenarios,
would also imply limitations to these overall increases. For instance, observational
evidence suggests that following a global positive ET trend before 1998, global ET
shows a decline afterwards, most likely due to soil moisture limitation (Jung et al. 2010).

Similar to the oceans’ water, terrestrial water storage (TWS) acts as a memory
component for the climate system (e. g. Koster and Suarez 2001, Seneviratne et al.
2006a). This is due to the total water storage associated with moisture content on land,
and the high energy requirement for evaporation. On the land surface, the incoming
energy (radiation) is partitioned between the sensible and latent heat fluxes. Unlike
the oceans, where water availability is unlimited and the actual evaporation rate equals
potential evaporation (i. e. evaporation that is only energy-limited), evaporation on land
is water-limited in some regions and strictly smaller than potential evaporation. In a
water-limited evaporation regime, less availability of TWS leads to a reduced latent
heat flux, and thus to a higher portion of the energy being taken up by sensible heat
flux, ultimately leading to a temperature increase. In such a regime, there is a direct
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Figure 1.1: The hydrological cycle over land. The main flow from the ocean to the land (Q)
occurs because evaporation exceeds precipitation over the ocean, the main flow from the land
to the ocean (R) because precipitation exceeds ET over land. Numbers from Trenberth et al.
(2007) and Trenberth et al. (2011, averages and standard deviations from eight reanalyses in
grey), in 1000km3 for storage and 1000km3/yr for exchanges (bold). The values for Q are the
estimates from the moisture budgets.

coupling of the land surface (soil moisture) and the atmosphere (temperature) through
ET.

The strength of the influence of these above mentioned main drivers - moisture
availability and radiation - on the evaporation rate varies by region. To a first
approximation, it can be determined by the correlation of evaporation and radiation
(energy availability) and soil moisture (or precipitation as a surrogate of soil moisture),
respectively. The Earth can, roughly speaking, be split into water-limited and energy-
limited regions, i. e. regions where both (or none) of them are limiting are scarce (see
Seneviratne et al. 2010, Figure 8). A shift in climatic regimes, and therefore changes
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in the importance of evaporation drivers, are expected in the future (Seneviratne et al.
2006b).

Regions of strong land-atmosphere coupling can also be determined in model
experiments. A typical setup consists of comparing atmospheric fields (e. g.
temperature, precipitation) in simulations with interacting soil moisture and simulations
with prescribed soil moisture, and analyzing, for example, the Ω-statistics (see Koster
et al. 2004). Results indicate that the water-limited regions can further be divided into
dry and transitional zones: In dry regions, evaporation is controlled by soil moisture,
but its values are so small, that it does not influence climate variability. In transitional
zones (between dry and wet), evaporation is soil moisture controlled and large enough
to have an influence on the climate (see Seneviratne et al. 2010).

In these transitional zones, where soil moisture is strongly coupled to atmospheric
variables, soil moisture initialization can be used for improving seasonal weather
forecasts (e. g. Koster et al. 2010). A strong coupling between soil moisture and the
climate is a necessary - but not sufficient - condition for seasonal weather prediction,
since the memory component of soil moisture also plays a role here (Seneviratne et al.
2010). Soil moisture does not only have an impact on the normal variability of the
atmosphere, but can also play a role for climate extremes. Fischer et al. (2007a), for
example, showed that spring soil moisture played a crucial role for the evolution of the
2003 European heat wave in a modelling framework, and hot European summers in
general have been found to be related to precipitation deficits in the antecedent winter
or spring (Della-Marta et al. 2007, Vautard et al. 2007, Hirschi et al. 2011).

Besides these impacts on the climate system, which act mainly through ET, water
availability also affects the albedo of the soil and the overlying vegetation. Furthermore,
the hydrological cycle, through transpiration, is also directly coupled to the carbon cycle.
If soil moisture availability is scarce, the photosynthesis is reduced, because the plants
have to economize water. The response of the plants to changes in the availability of
carbon dioxide is less clear. A higher water-use efficiency with enhanced carbon dioxide
is expected (Gedney et al. 2006, Morgan et al. 2011). However, competing effects of
carbon dioxide on plant physiology may compensate the net impacts on the water cycle,
e. g. if the leaf area index is increased as well (Piao et al. 2007). Soil moisture has also
been suggested to have an influence on precipitation in some regions (e. g. Koster et al.
2004, Findell et al. 2011, Taylor et al. 2011). However, this manifestation of land-climate
coupling is not addressed in this thesis.
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1.3 Obtaining information on terrestrial water storage
and evapotranspiration

In order to understand and quantify possible changes in the hydrological cycle as
a result of global warming and study land-climate interactions in general, a better
understanding of its key variables, TWS and ET, is of great importance. Despite their
manifold relevance for climate science, which has been highlighted in the previous
section, the data availability of both soil moisture and ET is still a critical limitation for
the investigation of land-climate interactions. The ideal dataset with global coverage,
high resolution and either high accuracy or at least known uncertainty, does not exist.

The most accurate estimates of soil moisture and ET are from ground
measurements. However, besides being very labor-intensive, they are point
measurements only, and regionally scattered. The international soil moisture network
(www.ipf.tuwien.ac.at/insitu) and FLUXNET (www.fluxnet.ornl.gov) are two
recent initiatives with the goal of providing a comprehensive database of ground
measurements. Such efforts are crucial for climate research.

To obtain a higher global coverage, soil moisture can also be estimated from remote
sensing (RS) - either active or passive microwave sensors, thermal infrared or gravity
measurements. Passive microwave radiometers record naturally emitted radiation,
while active microwave sensors record the backscattered radiation of their own
transmission. Since the dielectric constant of water is larger than the one of the soil,
soil water content can be inferred from the radiation emitted or backscattered from the
soil, respectively. The influence of vegetation and surface roughness on the signal
needs to be accounted for with models (see, e. g., de Jeu et al. 2008). The reduced
retrieval skills over moderate to dense vegetation are a known problem of microwave
measurements and do not lead to a fully global coverage. RS measurements differ
in their penetration depth: Microwave and thermal infrared techniques are limited to
the upper few centimeters of the soil. Measuring the gravity changes of the Earth
and deriving water storage changes from it, on the other hand, results in total TWS
estimates. For applications in climate science that require long-time data series, RS
products are unsuitable due to their relatively short temporal coverage. For longer
time scales, TWS can be estimated accurately from reanalysis data and observed
runoff with the water-balance approach, which is described in Chapter 3 in more detail.
However, these estimates are not suitable for investigating trends, but rather inter-
annual variations. The example of a similar dataset, described in Hirschi et al. (2006a),

www.ipf.tuwien.ac.at/insitu
www.fluxnet.ornl.gov
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has shown that TWS estimates from this approach are useful for the validation of model
simulated TWS in regions, where in-situ observations are scarce (Hirschi et al. 2007).

Both soil moisture and ET can also be estimated from land-surface models (LSMs). The
input fields of LSMs are based on observations, and their reliability depends heavily
on the accuracy of these input fields. The issue of forcing data for model output is
discussed in Chapters 4 and 5.

A drought index based on precipitation only, the standardized precipitation index, can
provide information on surface water deficits when soil moisture data are lacking.
Precipitation deficits over a certain time period are considered an indicator for droughts.
The concept is used in this thesis to study the relation of droughts and subsequent hot
extremes (see Chapter 6).

1.4 Outline of this thesis

This thesis is divided into seven sections with the following content:

Chapter 2 provides a detailed description of the datasets produced and analyzed in
this thesis.

Chapter 3 (Mueller et al. 2011a) presents analyses based on a newly derived dataset of
monthly TWS changes. The dataset is compared to satellite retrievals of soil moisture
and other datasets.

Chapter 4 (Mueller et al. 2011b) examines ET from 6 diagnostic datasets, 11 LSMs
and 5 atmospheric reanalyses. The uncertainties within these dataset categories are
examined and compared to ET from 10 global climate models (IPCC AR4 simulations)
in the framework of the LandFlux-EVAL project.

Chapter 5 (in preparation) analyzes a subset of LandFlux-EVAL datasets from Chapter
4 in more detail and describes a merged benchmarking dataset of ET. A focus is set
on the reproduction of temporal variations and the influence of precipitation forcing on
these variations.

Chapter 6 (Mueller and Seneviratne 2012) addresses the question of whether and
in which regions surface water storage information can be used to predict hot day
occurrences.

Chapter 7 redraws the main conclusions of the thesis, and provides an outlook on
possible subsequent projects.
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2
Datasets and models

Obtaining accurate information on variables of the hydrological cycle is still
a major issue when studying the interactions with the climate system at the
global scale. This chapter provides an overview of the main datasets analyzed
in this thesis, including their underlying algorithms/models and input datasets.
In particular, we include estimates of terrestrial water storage changes derived
from the combination of the terrestrial and atmospheric water balances, as well
as evapotranspiration estimates derived from the atmospheric water balance
only. Further evaporation estimates analyzed and used in this thesis, e. g.
partly based on satellite retrievals or different models, are also described in
detail in this chapter. These estimates are to a large extent dependent on
the forcing fields employed for their derivation, and an overview on the forcing
datasets is thus presented.
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2.1 Introduction

A basin-scale water-balance (BSWB) dataset of terrestrial water storage changes
(TWSC) based on the ERA-Interim reanalysis has been derived and analyzed in this
thesis. The approach is described in Section 2.2, while the analyses of the dataset
are presented in a later chapter (3). A further focus of this thesis is on ET estimates.
The aerodynamic approach and the Penman-Monteith and Priestley-Taylor equations,
which are widely used to estimate ET in models or algorithms, are described in Section
2.3. Section 2.4 introduces the LandFlux-EVAL project, within which the analyses of
ET datasets in Chapters 4 and 5 have been conducted. It further provides a detailed
description of the ET datasets considered in this project. These also include large-
scale ET estimates based on the atmospheric water balance, derived in this thesis
from reanalysis data and precipitation observations.

2.2 Retrospective soil water data

Terrestrial water storage change data can be obtained from a combination of the
terrestrial and the atmospheric water balances (see Starr and Peixoto 1958, Oki et al.
1995, Seneviratne et al. 2004). Water falling on the land surface (precipitation P ) leaves
the system (here river basin) either as runoff (R) or evapotranspiration (ET ), or is stored
in the soil and leads to a change in TWS. The terrestrial water balance is determined
through:

{

∂TWS

∂t

}

= −
{

R
}

+
{

P −ET
}

(2.1)

The overbar denotes a temporal average and {} an areal average (over a river basin).
The atmospheric branch of the water cycle can be described by

{

∂W

∂t

}

= −
{

∇H · ~Q
}

−
{

P − ET
}

, (2.2)

with the change in column storage of water vapour (W ) being determined through the
flow into or out of the basin as vertically integrated water vapour flux (∇H · ~Q) and P

and ET . From the combination of Equations (2.1) and (2.2), the following combined
atmospheric-terrestrial water-balance equation is obtained

{

∂TWS

∂t

}

= −

{

∂W

∂t

}

−
{

∇H · ~Q
}

−
{

R
}

(2.3)
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A more detailed description of the combined atmospheric-terrestrial water-balance
approach and resulting TWS estimates (BSWB data) can be found in Seneviratne et al.
(2004), Hirschi et al. (2006a,b) and Mueller et al. (2011a). A general discussion of
the limitations of using the combined atmospheric-terrestrial water-balance equation is
provided in Rasmusson (1968). In particular, several studies have shown that Equation
(2.3) is only valid at a scale of 105 to 106 km2.

A measure of the agreement between the atmospheric and hydrological data used
in Equation (2.3) is the difference of the long term means of runoff (R) and the
convergence of the vertically integrated water vapour flux (−∇H · ~Q). The input from
the atmosphere (water vapour flux convergence) should balance out the water output
(runoff) of the basin. This imbalance between the two fluxes can be assessed from the
temporal integration of the TWSC

TWS(t) = TWS0 +

∫ t

t0

{

∂TWS

∂t

}

dt, (2.4)

that should equal TWS0 in the long term mean. Seneviratne et al. (2004) highlighted
that the imbalances are most likely induced by systematic biases in the atmospheric
moisture convergence fields. Hirschi et al. (2006a) suggested to use a simple high-pass
filter to remove the drift of dTWS/dt successfully. A comparison of results obtained
when applying a more complex filter has revealed no significant differences (not shown).

For the calculation of the BSWB TWS, the vertically integrated moisture flux and the
changes in atmospheric moisture content are taken from the ECMWF-Reanalyses
ERA-40 and ERA-Interim. The former covers the years 1958 to 2002, while the latter is
available in near-real time starting from 19791.

Data from the ERA-40 reanalysis have shown problems regarding the hydrological
cycle, including physically unrealistic features in the tropics and subtropics. In
the monsoon trough and convergence zones, precipitation is overestimated, and
evaporation minus precipitation values are too low (Uppala et al. 2005, Trenberth
et al. 2007). In the subtropics, evaporation over land is overestimated. In
the ERA-40 assimilation scheme, different radiance data were used to correct
a too dry model state in non-precipitating regions over the tropical ocean. In
an analysis-assimilation feedback loop, it led to excessive precipitation over the
tropical ocean (see Simmons et al. 2007). In ERA-Interim, a new humidity
analysis and improved model physics, changes in the radiance assimilation and

1At the time of writing of Mueller et al. (2011a), ERA-Interim data only covered 1989-2008.
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variable bias corrections overcome these problems. In a preliminary analysis of the
performance of ERA-Interim, Simmons et al. (2007) found an improvement of total
column water vapour. Further changes implemented in the new ECMWF reanalysis
are: 1) a 12 hour 4D-Var assimilation technique (ERA-40 3D-Var), 2) a higher
horizontal resolution (T255 vs. T159), and 3) improved data quality control (see also
www.ecmwf.int/research/era/do/get/era-interim). A detailed analysis of the ERA-
Interim data, highlighting their improvement, is presented in Dee et al. (2011). For
a comparison of ERA-40- and ERA-Interim-derived BSWB estimates, see Chapter 3
(Mueller et al. 2011a).

BSWB TWS estimates can be derived retrospectively and also in near-real time,
which is a great advantage of this methodology. However, the data length is limited
by the availability of runoff data. An overview of the data length and sources of
runoff data can be found in Chapter 3. We distribute the BSWB data through
www.iac.ethz.ch/groups/seneviratne/research/bswb.

2.3 Selected evapotranspiration equations

The most widely used approximations for ET in LSMs are the aerodynamic approach
and the Priestley-Taylor and Penman-Monteith equations. Different formulations of
these equations exist. The reduction in actual ET is treated separately, because
the different reduction approaches can be used interchangeably for all potential ET
equations.

Potential evaporation (Epot) is the theoretical maximum evaporation possible from a
ground surface that has sufficient water supply (energy-limited evaporation). Potential
evapotranspiration combines the evaporation from wet soils with that from vegetated
surfaces for unlimited water supply, i. e. for reference conditions. Potential ET is also
referred to as reference crop ET (Eref ).

The aerodynamic expression is defined as:

Epot = ρ

(

esat(Tg)− ea
ra

)

, (2.5)

where ρ is the mean air density at constant pressure, esat(Tg) represents the saturated
vapour pressure at surface temperature, ea the vapour pressure at the lowest
atmospheric level and ra the aerodynamic resistance.

www.ecmwf.int/research/era/do/get/era-interim
www.iac.ethz.ch/groups/seneviratne/research/bswb
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In order to represent the non-linear dependence of esat on temperature, the equation
can be solved by iteration (the aerodynamic approach), or by adding equations for
esat (see also Desborough et al. 1996), which is then also referred to as combination
equation approach. A linear dependence of esat on temperature and a consideration of
an additional surface resistance yields the Penman-Monteith equation

Eact =
s(Rn −G) + ρcp(

da
ra
)

s+ γ(1 + rs
ra
)

, (2.6)

where Rn is the net radiation, G the soil heat flux, da the vapour pressure deficit of the
air, cp the air’s heat capacity, s the slope of the saturation vapour pressure temperature
relationship, γ is the psychometric constant, and rs the surface resistance for reference
conditions.

The Priestley-Taylor formulation (Priestley and Taylor 1972) is simpler than the Penman-
Monteith equation and requires a smaller amount of input data. It is defined as:

Eact = α
s(Rn −G)

s+ γ
, (2.7)

where α is an empirically-derived constant factor in the order of 1.26 to 1.28, depending
on the climate region.

The reduction of Epot or Eref to Eact is implemented through an evaporation stress factor
considering the availability of soil water, as well as other variables (e. g. temperature,
vapour pressure deficit) for more complex schemes. These need to take into account
both limitations to bare soil evaporation (e. g. Mahfouf and Noilhan 1991) and to plant
transpiration.

In the most simple LSMs, referred to as bucket models, a so-called β function is applied
to the potential evaporation estimate (e. g. Eq. 2.5). β is set to 1 when the soil moisture
is above a specific (critical) threshold and no longer limiting for ET, and zero when
it is empty or below a critical specified value (see also, e. g., Sellers et al. 1997). In
land-surface schemes of the second generation, evaporation from the leaves and the
soil are treated separately, and the former includes a canopy resistance, which can be
included in addition to ra in Equation 2.5 (e. g. Pitman 2003). For a description of the
calculation of the resistance terms, see, for instance, Shuttleworth (2007). In addition,
second-generation schemes generally include a more detailed representation of soil
hydrology, including a multi-layer soil discretization. The so-called third-generation
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schemes further include an explicit representation of plant photosynthesis, including
CO2-assimilation (e. g. Sellers et al. 1997).

2.4 Evapotranspiration datasets in the LandFlux-EVAL
project

2.4.1 The LandFlux-EVAL project

Although no true global-scale observations of ET exist, several datasets based in
part or fully on measurements provide estimates of ET over large regions. These
various datasets are currently being evaluated as part of the LandFlux-EVAL project
(www.iac.ethz.ch/url/LandFlux-EVAL), which this thesis has contributed to (see
Chapters 4 and 5).

One first extensive data basis on observed ET is provided by the FLUXNET network
(Baldocchi et al. 2001). It consists of more than 500 tower sites with eddy covariance
measurements for carbon dioxide, water vapor, and energy exchange between
terrestrial ecosystems and the atmosphere. The distribution of the FLUXNET sites
is displayed in Figure 2.1. Most of the main climate regions are represented in the
network, but the distribution among them is uneven. Even though the network is
extensive, a fully global coverage cannot be achieved. Satellite retrievals can partly
fill in this gap, and provide estimates of evaporation with the aid of relatively simple
models at the global scale2.

Other datasets that can provide large-scale estimates of ET are either based on offline
modeling (i. e. LSMs driven with observations-based forcing), on reanalysis datasets
(i. e. global climate models which assimilate observations), or on remote-sensing based
measurements combined with dedicated algorithms. The most direct evaluation of
these various products would be a comparison with in-situ measurements. However,
such an approach has two drawbacks: Firstly, there is a large scale difference between
the point-scale in-situ measurements and the global ET data, and the fact that a product
matches well in-situ measurements at one point does not necessarily imply that it
performs well in other regions. Secondly, many datasets included in the LandFlux-EVAL
data base have already been validated with in-situ measurements where available, or
such data have been used for their retrieval. The LandFlux-EVAL project therefore
rather aims at intercomparing ET datasets globally and at evaluating the range of the

2Note, however, that global does here not mean strictly covering the whole globe, see Section 1.3.

www.iac.ethz.ch/url/LandFlux-EVAL
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Figure 2.1: Distribution of FLUXNET sites and Koeppen-Geiger climate classification. Figure
retrieved from http: // www. fluxnet.ornl. gov/fluxnet on December 19, 2011.

existing products. In the course of the project, a further aim was identified as useful
contribution from this evaluation: The release of a multi-dataset averaged ET product,
based on the majority of datasets considered in LandFlux-EVAL, and including a clear
description of the assumptions underlying the individual datasets and their respective
uncertainties in all regions. Such a dataset would be valuable as benchmark for model
developers (Blyth et al. 2009).

The LandFlux-EVAL project originates from the LandFlux initiative of the GEWEX
Radiation Panel (www.gewex.org/projects-GRP.htm). The first two studies from this
project are from Jimenez et al. (2011) and Mueller et al. (2011b). Jimenez et al. (2011)
included latent and sensible heat and net radiative fluxes from 12 products, including
diagnostic datasets3, LSMs and reanalyses over the period 1993-1995. The products
considered have a mean global average ET of 45 W/m2 and a spread of 20 W/m2.

3called dedicated datasets in Jimenez et al. (2011), referring to the fact that they are derived
specifically for this purpose from satellite observations

http://www.fluxnet.ornl.gov/fluxnet
www.gewex.org/projects-GRP.htm
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Mueller et al. (2011b) considered a larger number of datasets over the time period 1989-
1995 (see Chapter 4). Both studies (Jimenez et al. 2011, Mueller et al. 2011b) have
shown that regions with high ET, such as rainforests, have large absolute differences
between the single datasets. Due to the large seasonal variability and common forcing
data for some of the datasets, the products correlate well with each other (Jimenez et al.
2011). The issues of common forcing data and their impact on resulting ET patterns
are also raised in Chapters 4 (Mueller et al. 2011b) and 5 of this thesis.

The following subsections describe the datasets included in the LandFlux-EVAL project.
The datasets were grouped based on the degree of complexity of the employed
models or algorithms. The first group consists of estimates derived from relatively
simple models dedicated primarily to deriving the evaporation flux. These datasets are
hereafter referred to as diagnostic datasets. The second group includes ET estimates
from offline LSMs. Atmospheric reanalyses form the third group. In the analyses of
Mueller et al. (2011b), these datasets were further compared to output from 10 Global
Climate Model (GCM) simulations computed for the Fourth Assessment Report (AR4)
of the IPCC.

Even though the grouping of datasets into the different categories is not always
straightforward, because the diagnostic datasets also use algorithms (i. e. models),
and reanalyses also assimilate observations, it was found useful for the purpose of
the analyses in that it provides a first distinction between broad dataset categories.
Note also that many of the datasets are based on the same raw measurements
(e. g. the International Satellite Land Surface Climatology Project (ISLSCP-II) satellite
measurements are included in most diagnostic datasets). The employed forcing
datasets are described in the subsequent sections.

2.4.2 Diagnostic evapotranspiration datasets

The following paragraphs describe the diagnostic datasets considered in the LandFlux-
EVAL project. An overview of these datasets and their precipitation and radiation forcing
is presented in Table 2.1 (top most category).

1. The UCB dataset
The UCB (University of California, Berkeley) dataset (Fisher et al. 2008) derives
actual ET from observational datasets using the Priestley-Taylor model and additional
ecophysiological constraints or conditions. All forcing data are obtained from remote
sensing products (ISLSCP-II and Advanced Very High Resolution Spectroradiometer,
AVHRR). The input parameters are radiation (from the Surface Radiation Budget, SRB),
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vegetation indices (FASIR NDVI and AVHRR SAVI), maximum air temperature and
water vapor pressure from the Climate Research Unit (CRU).

The UCB ET includes interception, transpiration, and soil evaporation. Since the forcing
data are all obtained from remote sensing estimates, it is on the one hand relatively
easy to derive ET, but on the other hand, the results are very dependent on the quality
of the remote sensing data. The data is not calibrated. Fisher et al. (2008) validated
the data at 16 FLUXNET sites and found good agreement at all sites. The UCB data
are available from www.landflux.org.

2. The MAUNI dataset
In the MAUNI (University of Maryland) dataset, ET is derived from simple regression
equations established from data at eight enhanced surface facility sites. An earlier
version of this dataset (Wang et al. 2007) used these sites to determine factors
that are important for ET variations and also the parameters used for the regression
with observed ET. The MAUNI dataset used in the LandFlux-EVAL intercomparison
is described in Wang and Liang (2008). The method was improved by including
soil moisture information through the diurnal maximum air temperature range in the
regression equation, and extended globally with data from ISLSCP-II and AVHRR.
Values in desert areas were manually set to zero.

For the forcing data, radiation from SRB (with cloud data from the International Satellite
Cloud Climatology Project ISCCP), air temperature from CRU, and vegetation indices
from NDVI are used. The data are calibrated at Ameriflux sites.

3. The PRUNI dataset
The PRUNI (Princeton University) dataset (Sheffield et al. 2010) is based on the
modified Penman-Monteith algorithm from Mu et al. (2007). The input data stem
from ISCCP (net radiation (if not available, emissivity and albedo), humidity, air and
surface temperature and pressure) and AVHRR (surface characteristics, i. e. vegetation
distribution and leaf area index). The radiation products used in this dataset are the
V2.5 SRB short wave and quality controlled long wave data. The wind speed data
originated from Sheffield et al. (2006).

4. The MPI-BGC dataset
MPI-BGC (Max-Planck-Institute for Biogeochemistry Jena) ET data are calculated from
an empirical upscaling of eddy covariance measurements from FLUXNET, using a
model tree ensemble with multiple regressions (Jung et al. 2009). Input data include
precipitation from the Global Precipitation Climatology Centre (GPCC), CRU data for
other meteorological variables, and surface characteristics from AVHRR.

www.landflux.org
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5. The AWB ETH dataset
For this dataset, we calculated ET from the atmospheric branch of the water balance
(see also Seneviratne et al. 2004, Hirschi et al. 2007, Yeh and Famiglietti 2008):

{

E
}

=
{

P
}

+
{

∂W
∂t

}

+
{

∇H · ~Q
}

, (2.8)

where the overbar denotes a temporal average (monthly means) and {} an areal
average. The required variables are precipitation (P ), total column water vapour (W )
and water vapour flux divergence (∇H · ~Q). Precipitation data are taken from the
Global Precipitation Climatology Project (GPCP), which incorporates rain gauge station,
satellite microwave and infrared data (Adler et al. 2003). Total column water vapour
and water vapour flux divergence are taken from reanalysis data. The here employed
reanalysis is the newest ECMWF reanalysis ERA-Interim. It has also been used
successfully for the derivation of TWSC in the atmospheric-terrestrial water-balance
approach (Mueller et al. 2011a, see also Section 2.2).

The approach is only valid over a certain area. Hirschi et al. (2006a) and Mueller et al.
(2011a) showed that usually, an area of about 105 to 106 km2 is ideal for the derivation of
water-balance estimates based on reanalysis data. To account for this scale limitation,
the AWB data have been interpolated on a grid of roughly 2.5 x 104 km2 at the Equator.

6. The GLEAM dataset
Evapotranspiration from GLEAM (Global Land-surface Evaporation: the Amsterdam
Methodology) is based on the Priestley-Taylor equation and the Gash analytical model
of forest rainfall interception (Miralles et al. 2011b). The calculation of the interception
loss is described in more detail in Miralles et al. (2010). The model discriminates the
different evaporation components, i. e. interception, bare soil evaporation, transpiration
and sublimation. The representation of the latent heat flux over semi-arid and forested
regions is improved through the inclusion of soil moisture deficit and forest rainfall
interception (Miralles et al. 2011a).

The forcing data were all obtained from remote sensing, i. e. radiation from SRBqc
(quality controlled), precipitation from the unified CPC precipitation (NOAA climate
prediction center), air temperature from ISCCP, soil moisture, surface air temperature,
water vapour pressure and vegetation from the Land Parameter Retrieval Model
(LPRM), and land cover from the Moderate Resolution Imaging Spectroradiometer
(MODIS). GLEAM has been validated at 43 FLUXNET stations (Miralles et al. 2011b).

7. The CSIRO dataset
For the CSIRO (Commonwealth Scientific and Industrial Research Organisation)
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dataset (Zhang et al. 2010), ET has been calculated using the Penman-Monteith-
Leuning equation, which is described in Leuning et al. (2008). For the estimation of
variations in surface conductance, a simple biophysical model developed by Mu et al.
(2007) was used. Radiation was taken from SRB, ISCCP, and the National Center
for Environmental Prediction NCEP reanalysis, precipitation from GPCC, surface
temperature from CRU, vegetation from LAI (Boston university) and land cover from
MODIS.

Table 2.1: Overview on radiation and precipitation forcing of diagnostic datasets and LSMs.

Group Name Reference Radiation Precipitation

D
ia

gn
os

tic
ds

UCB Fisher et al. (2008) SRB No
MAUNI Wang a. Liang (2008) SRB (ISCCP cloud data) No
PRUNI Sheffield et al. (2010) SRB, SRBqc, ISCCP Sheffield et al. (2006)
MPI Jung et al. (2009) No GPCC
CSIRO Zhang et al. (2010) SRB, ISCCP, NCEP GPCC
GLEAM v1A run Miralles (2011a) SRBqc CPC unified precip
AWB Mueller et al. (2011b) No GPCP

LS
M

s

GSWP GS-COLA, GS-NOAH, Dirmeyer et al. (2006) SRB (NCEP for spin-up) NCEP, GPCC, GPCP
GS-NSIPP, GS-VISA, (CRU for spin-up)
GS-ISBA, GS-BUCK,
GS-CLMTOP, GS-HYS-
SIB, GS-LAD, GS-
MOSAIC,GS-MOSES2,
GS-SIBUC, GS-SWAP

GLDAS GL-NOAH, GL-CLM, Rodell et al. (2004) observational datasets (AGRMET) CMAP
GL-MOSAIC

ORCH EI-ORCH Krinner et al. (2005) ERA-Interim ERA-Interim
CRU-ORCH CRU, NCEP CRU, NCEP

VIC VIC Sheffield a. Wood (2007) obs. and NCEP obs. and NCEP

2.4.3 Evapotranspiration from land-surface models

When LSMs are run in offline mode, they can be forced with observations-based
estimates of near-surface variables, and therewith provide realistic estimates of surface
variables (e. g. Dirmeyer et al. 2006). LSMs can also be coupled to atmospheric models
to simulate the exchange of sensible, latent, and kinetic energy at the surface. If
coupled, the atmospheric forcing is a model product only, and therefore less accurate
than the observations-based forcing used for offline simulations.

The GL-NOAH, GL-MOSAIC and GL-CLM simulations stem from the Global Data
Assimilation System (GLDAS, Rodell et al. 2004b) database. As its name already
indicates, the aim of GLDAS is to ingest or assimilate satellite- and ground-based
observational data products to generate fields of land-surface states and fluxes (Rodell
et al. 2004b). The model versions used here are version 2.7.1. of the NOAH model
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and version V2.0 of CLM. GL-NOAH, GL-MOSAIC and GL-CLM are all driven with
the same forcing data. Meteorological forcing and precipitation stem from various
sources, e. g. a combination of NOAA/GDAS atmospheric analysis fields, NOAA
Climate Prediction Center Merged Analysis of Precipitation (CMAP), and observations-
based downward shortwave and longwave radiation fields derived using the method
of the Air Force Weather Agency’s AGRicultural METeorological modeling system
(AGRMET). MODIS and AVHRR data are used for land surface datasets. The
data as well as further information on the models and forcing can be obtained
from the Goddard Earth Sciences Data and Information Services website of NASA
(http://disc.sci.gsfc.nasa.gov/).

The GSWP (Global Soil Wetness Project) is a multi-model land surface analysis which
includes several LSMs that are part of global weather or climate models. Similar to
the GLDAS project, GSWP simulations are driven with a common forcing dataset. This
forcing dataset includes fields and assimilation data from both the ISLSCP Initiative II
and observational and reanalysis data.

The ORCHIDEE (ORganizing Carbon and Hydrology In Dynamic EcosystEms) model is
a surface-vegetation-atmosphere transfer scheme (SVAT, see Henderson-Sellers et al.
(1996)). It is described in Krinner et al. (2005). Two different model runs were made
available for the LandFlux-EVAL project, I) the EI-ORCH run driven with ERA-Interim
data and II) the CRU-ORCH run driven with CRU and NCEP data.

The VIC (Variable Infiltration Capacity) LSM simulations are described in Sheffield and
Wood (2007). The model was forced with a hybrid dataset of precipitation, near-surface
meteorological and radiation data derived from the NCEP reanalysis and observation-
based products. The forcing dataset is described in detail in Sheffield et al. (2006).

A list of the LSMs included in the LandFlux-EVAL analyses as well as their precipitation
and radiation forcing can be found in Table 2.1 (second category).

2.4.4 Evapotranspiration in reanalyses

Evapotranspiration from the following reanalyses was included in the LandFlux-EVAL
intercomparison: the ECMWF reanalysis ERA-Interim (Dee et al. 2011), the Japanese
25-year reanalysis Project (JRA-25, Onogi et al. 2007), the NCEP/NCAR reanalysis
project (Kalnay et al. 1996), the Modern Era Retrospective-analysis for Research and
Applications (MERRA) from the Global Modeling and Assimilation Office at NASA’s
GFSC (Bosilovich 2008), and the MERRA-Land reanalysis (Reichle et al. 2011). The
latter is a similar product to the MERRA reanalysis, but corrects some of the deficiencies

http://disc.sci.gsfc.nasa.gov/
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in the land surface hydrology of the standard MERRA product. In contrast to MERRA,
the MERRA-Land precipitation forcing is corrected so that the 5-day precipitation totals
match the CMAP precipitation totals, and it uses revised interception parameters.

An important difference between LSMs, GCMs and reanalyses is that in reanalyses, the
surface water balance is not closed. If analysis increments make the addition of water
necessary, the water is added in the form of soil moisture (soil moisture nudging), which
can lead to an overprediction of the reanalysis’ ET. The land surface parametrizations
(or LSMs) used differ from reanalysis to reanalysis, but in all cases, surface fluxes of
both water and energy are derived entirely from the data assimilation model, i. e. without
direct assimilation of observations. This means that they are highly dependent on the
model and should therefore be used with caution (Kalnay et al. 1996). Nonetheless, the
estimates of these fluxes seem to be reasonable (Betts et al. 1999).
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3
New diagnostic estimates of variations in terrestrial

water storage based on ERA-Interim data 1

Terrestrial water storage is an important component of the climate system as it
determines the partitioning of the water and energy fluxes at the land surface.
Since in-situ measurements are scarce, there is a strong need for alternative
validation data sources.
Here we present a new dataset of monthly basin-scale terrestrial water storage
changes (TWSC) derived with the combined atmospheric-terrestrial water-
balance approach, also referred to as basin-scale water-balance (BSWB)
approach. It is diagnosed from observation-constrained reanalysis data for
the atmospheric fields and observed streamflow. A previous BSWB dataset
derived from the European Center for Medium-Range Weather Forecasts
(ECMWF) reanalysis ERA-40 provided reasonable estimates of TWSC for
mid-latitude basins. The here presented BSWB dataset is derived from the
latest ECMWF reanalysis ERA-Interim, which is available in real time. The
potential real-time availability of TWSC derived from ERA-Interim is of great
relevance for several agricultural, hydrological, and climate applications.
An uncertainty analysis of the derived TWSC highlights the importance of
the atmospheric moisture flux convergence fields from the reanalysis for the
resulting product uncertainty. We find that the BSWB estimates have a relative
uncertainty of about 4-6% in basins larger than 1.5 x 106km2 compared with
the mean seasonal cycle. The ERA-Interim based dataset compares better
with in-situ soil moisture, snow depth, and groundwater measurements in the
Ob basin and Illinois than the previous ERA-40 based dataset. We further
compare the BSWB datasets to retrievals from the Gravity Recovery And
Climate Experiment (GRACE), scatterometer data from the European Remote
Sensing (ERS) satellites, and land surface model output from the second
phase of the Global Soil Wetness Project (GSWP). We find a better correlation
between ERS and the BSWB data than between GRACE and the BSWB data,
which might be related to the relatively coarse resolution of GRACE. GSWP
model output and the BSWB datasets compare well in most of the studied
river basins.

1This chapter is an edited version of: Mueller, B., M. Hirschi, S. I. Seneviratne (2011), New diagnostic
estimates of variations in terrestrial water storage based on ERA-Interim data, Hydrological Processes,
doi:10.1002/hyp.7652. Copyright 2010 John Wiley & Sons, Ltd.
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3.1 Introduction

Soil moisture is a key variable of the climate system (e. g. Seneviratne et al. 2010).
Nevertheless, there is a lack of in-situ soil moisture observations in most regions in
the world. Where available, soil moisture observations often cover relatively short
time periods, and can thus not be used to study decadal variations. Moreover,
in-situ measurements are point-scale observations and not representative for larger
areas. Therefore, techniques such as satellite remote sensing (see e. g. McCabe et al.
2008, de Jeu et al. 2008), and the combined atmospheric-terrestrial water-balance
approach (e. g. Seneviratne et al. 2004, Hirschi et al. 2006a,b) have been used to obtain
information on terrestrial water storage (TWS). The main components of TWS are soil
moisture, snow, groundwater, and surface water (and in some regions ice cover).

Previous studies from Seneviratne et al. (2004) and Hirschi et al. (2006a,
2007) have resulted in the creation of the Basin-Scale Water-Balance (BSWB)
dataset, which includes atmospheric-terrestrial water-balance estimates of TWS
changes (TWSC) for several river basins of the world (downloadable from
http://www.iac.ethz.ch/data/water_balance). The advantage of the BSWB
approach is its long-term coverage: It is based on atmospheric data from reanalysis
products, and streamflow measurements, which are both available over several
decades. The validation of this approach for Illinois (Seneviratne et al. 2004) and
several major river basins in the midlatitudes (Hirschi et al. 2006a) shows good
agreements with observations. The method has been shown to be valid on a scale
of roughly 105km2 and above (Rasmusson 1968, Seneviratne et al. 2004, Hirschi et al.
2006a). The previously derived estimates, hereafter referred to as E40-BSWB, were
based on ERA-40 reanalysis data from the ECMWF for the atmospheric water vapour
fields, thus limiting the dataset to the ERA-40 period (1958-2002). Note that estimates
based on the ECMWF operational analysis data were also more recently derived for
some applications (Andersen et al. 2005, Hirschi et al. 2006b).

The dataset presented in this study, hereafter referred
to as EI-BSWB, is based on the latest ECMWF reanalysis data product ERA-Interim
(http://www.ecmwf.int/research/era/do/get/era-interim). Compared to ERA-40,
ERA-Interim is characterized by a higher resolution and improvements in the humidity
analysis, which is of advantage for the accuracy of the derived TWSC estimates.
Moreover, the ERA-Interim reanalysis is available in real time, which is crucial for
several applications. EI-BSWB estimates could thus provide near real-time information
on TWSC even in regions where no soil moisture, precipitation or evaporation

http://www.iac.ethz.ch/data/water_balance
http://www.ecmwf.int/research/era/do/get/era-interim
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measurements are available. A similar real-time application was recently tested for
the Colorado river basin with atmospheric data from the North American Regional
Reanalysis (NARR, Troch et al. 2007, http://voda.hwr.arizona.edu/twsc/sahra).
Since deep water impacts hydrology and climate through root water uptake as well
as a prolonged land water memory (e. g. Kleidon and Heimann 2000, Koster et al.
2004, Seneviratne et al. 2006b,a, Zeng et al. 2008), both the BSWB and GRACE
datasets have the asset of providing whole TWS information, rather than only soil
moisture. Furthermore, knowledge on changes in groundwater storage is crucial for
several countries (e. g. Rodell et al. 2009). The large-scale and long-term availability
of the dataset is an advantage for the quantification of the water cycle, detection of
droughts, and validation of climate and hydrological models.

This study is the first to assess the accuracy of the BSWB estimates. In addition, the
performance of the ERA-Interim based estimates is compared with that of the ERA-
40 based estimates. Finally, we compare the EI-BSWB dataset to TWS estimates
from ground observations, two remote sensing products (scatterometer data from the
European Remote Sensing (ERS) satellites and GRACE retrievals), as well as land
surface model output (GSWP-2 data).

3.2 Methods and data

3.2.1 Basin-Scale Water-Balance (BSWB) dataset

3.2.1.1 Combined atmospheric and terrestrial water-balan ce approach

The BSWB estimates of TWSC are obtained from the combined terrestrial and
atmospheric water-balance approach, which has been proposed by e. g. Rasmusson
(1968) and recently employed by e. g. Masuda et al. (2001), Seneviratne et al. (2004)
and Hirschi et al. (2006a,b). TWSC (∂S/∂t) can be computed from the column storage
of water vapour (W ), the vertically integrated water vapour flux (~Q) and streamflow (R)
using

{

∂S

∂t

}

= −

{

∂W

∂t

}

−
{

∇H · ~Q
}

−
{

R
}

, (3.1)

where ∇H denotes the horizontal divergence, the overbar a temporal average and {}

an areal average (over a river basin). General discussions of the limitations of the
combined atmospheric-terrestrial water-balance approach are provided in Rasmusson

http://voda.hwr.arizona.edu/twsc/sahra
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(1968), Seneviratne et al. (2004) and Hirschi et al. (2006a). In particular, several studies
have shown that Equation (3.1) is only valid on a scale of 105 to 106km2, because
−∇H · ~Q from climate models or reanalysis can be quite erratic for smaller basins (e. g.
Yeh et al. 1998, Berbery and Rasmusson 1999, Seneviratne et al. 2004).

The previously derived BSWB estimates have been validated with ground observations
in several regions (Seneviratne et al. 2004, Hirschi et al. 2006a) and used in numerous
applications (e. g. Rodell et al. 2004a, Andersen et al. 2005, Syed et al. 2005,
Seneviratne et al. 2006a, Hirschi et al. 2007, Balsamo et al. 2009, Jaeger et al. 2009).

3.2.1.2 Data sources

The convergence of the vertically integrated water vapour flux (−∇H · ~Q) and the
changes in atmospheric moisture content (∂W/∂t) used in Equation (3.1) are derived
from reanalysis data. These fields are assumed to be of high quality since they are
strongly constrained by the assimilation of radiosonde data in the reanalysis data
product. However, this means also that the quality may be dependent on the density
of the radiosonde data in the respective regions. Previous studies were based on the
ERA-40 reanalysis (Seneviratne et al. 2004, Hirschi et al. 2006a) and the ECMWF
operational analysis (Andersen et al. 2005, Hirschi et al. 2006b). Here we use the
newest ECMWF reanalysis data product ERA-Interim. The moisture flux divergence
is calculated on a spectral space instead of pressure level fields, in order to maintain
maximum resolution during the calculation (for a detailed description see Seneviratne
et al. 2004).

The previously used ERA-40 reanalysis has known issues in its representation of
the hydrological cycle. In particular, it exhibits physically unrealistic results over the
tropics and subtropics; in the monsoon trough and convergence zones, precipitation is
overestimated, and evaporation minus precipitation values are too low (Uppala et al.
2005, Trenberth et al. 2007). In the subtropics, evaporation over land is overestimated.
The ERA-40 assimilation includes different radiance data which are used to correct a
too dry model state in non-precipitating regions over the tropical ocean. In an analysis-
assimilation feedback loop, it led to excessive precipitation over the tropical ocean (see
Simmons et al. 2007). Many of these issues have been addressed in the new ERA-
Interim reanalysis. In particular, it includes a new humidity analysis and improved
model physics, changes in the radiance assimilation, and variable bias corrections. In a
preliminary analysis of the performance of ERA-Interim, Simmons et al. (2007) found an
improvement in the total column water vapour fields. Further changes implemented in
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the new ECMWF reanalysis include: 1) a 12-h 4D-Var assimilation technique (ERA-40
3D-Var), 2) a higher horizontal resolution (T255 vs. T159), and 3) improved data quality
control (see also www.ecmwf.int/research/era/do/get/era-interim). Moreover, the
ERA-Interim reanalysis is available in near real time.

For the streamflow data used in Equation (3.1), we assume that groundwater runoff
is included and human water removal is negligible. River streamflow data has been
obtained from many different institutions (see acknowledgments). The catchment
definitions of the investigated river basins were derived from the HYDRO1k dataset,
as described in Hirschi et al. (2006a).

3.2.1.3 Drift correction

In the long term, the water input to a basin should be balanced by the water output,
i. e. the storage remains constant. This assumption is generally correct for multi-
year means, although some regions may show persistent trends, due for instance to
groundwater withdrawal (Rodell et al. 2009). Since the changes in column storage of
water vapour are negligible for annual to long-term means, the water input is defined
through the vertically integrated water vapour flux (−∇H · ~Q in Equation (3.1)). The
difference between the long-term means of the vertically integrated water vapour flux
and the streamflow of a river basin is referred to as imbalance (Imb) and can be
computed from the temporal integration of the derived TWS variations

Imb =

∫ t

t0

{

∂S

∂t

}

dt, (3.2)

that should equal zero when averaged over several years (with the exception of regions
with long-term trends in TWS). Long-term deviations, i. e. imbalances (Imb 6= 0) occur
due to the accumulation of small errors over time. These imbalances are a measure of
the agreement between the atmospheric and hydrological data used in the combined
water-balance. As suggested in Seneviratne et al. (2004), the most likely causes for
the imbalances are systematic biases in the atmospheric moisture flux convergence of
the employed reanalysis dataset, since streamflow errors are small (see below) and
the total column storage of water vapour does not contribute significantly to the derived
TWSC in the long term. Hirschi et al. (2006a) suggested to use a simple high-pass filter
(subtraction of 3 year running mean) to remove the drift of dS/dt successfully. This filter
is also applied here.

www.ecmwf.int/research/era/do/get/era-interim
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3.2.1.4 Sources and estimation of uncertainty of derived TW SC estimates

Since total column water vapour is a comparably small contributor to TWS in Equation
(3.1), the two main sources of uncertainty arise from the reanalysis’ divergence of
water vapour flux and the measured streamflow. We assume here that streamflow is
measured with an accuracy of 10% (which was found in 70% of daily runoff records
studied in Gutowski et al. 1997). To obtain an estimate of the uncertainty in the
water vapour flux convergence, we use mean monthly absolute differences between
1) ERA-Interim and ERA-40, and 2) ERA-Interim reanalysis and ERA-Interim 6-h
forecast. Another measure of the uncertainty in the derived TWSC are the accumulated
imbalances described in Equation (3.2).

3.2.2 Comparison datasets

We use here several alternative datasets of TWSC for comparison with the newly
derived EI-BSWB estimates. An overview of all considered datasets can be found in
Table 3.1.

Table 3.1: Overview of used TWS datasets

Dataset Spatial resolution Description Temporal coverage
EI-BSWB 300-1000km Whole terrestrial water storage 1989-2008, but depending

on streamflow data availability
E40-BSWB 300-1000km Whole terrestrial water storage 1958-2002, but depending

on streamflow data availability
ERS SWI 25km SWI (100cm) 1992-2000 full global coverage

2003-2006 partial coverage
GRACE 500km Whole terrestrial water storage 2002-2008
GSWP 110km Whole terrestrial water storage 1986-1995

(but no groundwater)
In-situ measurements Ob Point measurements Soil moisture and snow depth 1990-1995 soil moisture and snow

1996-1998 soil moisture
In-situ measurements Illinois Point measurements Soil moisture, groundwater and snow 1990-2000

3.2.2.1 In-situ measurements

The comparison of the EI-BSWB dataset with in-situ measurements is performed for
areas where the period of available data is overlapping, i. e. for the Ob river basin and
Illinois. The in-situ soil moisture measurements used in the present study are obtained
from the Global Soil Moisture Data Bank (Ob basin and Illinois, Robock et al. 2000).
Snow depth observations in the Ob basin originate from the Historical Soviet Daily Snow
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Depth - Version 2.0 (obtained from the National Snow and Ice Data Center, Boulder,
USA) and in Illinois from the Midwest Regional Climate Center (MRCC; available at
http://mrcc.sws.uiuc.edu). The snow depth is converted into water equivalents
using a constant density value of 100kg m−3. Groundwater measurements are only
available for Illinois (from the Illinois water and climate summary Water and Atmospheric
Resource Monitoring (WARM) Program; for a detailed description of the groundwater
change computation, see Seneviratne et al. 2004).

3.2.2.2 E40-BSWB

The E40-BSWB dataset has already been validated in previous studies by Seneviratne
et al. (2004, for Illinois) and Hirschi et al. (2006a, for the Volga, Ob, Dnepr and Don
basins). We use here this dataset for a comparison to the EI-BSWB data, as well as
to some of the other considered datasets (ground observations, remote sensing data
and model output, depending on the time period available). Improvements from E40-
to EI-BSWB data are expected, given the improvements in the reanalysis (see Section
3.2.1.2).

3.2.2.3 ERS scatterometer estimates

We compare the derived EI-BSWB dataset to the Soil Water Index (SWI) processed
at the Institute of Photogrammetry and Remote Sensing, Vienna University of
Technology (Austria, TU Wien, www.ipf.tuwien.ac.at/radar/ers-scat/home.htm),
which is based on measurements from the scatterometers on-board the European
Remote Sensing Satellites ERS-1 and ERS-2. The radiation reflected by the surface
depends on the water content of the soil, but also on vegetation and surface roughness.
To account for these confounding effects, a change detection approach is applied
(Scipal et al. 2002). The computation of the SWI, which represents the soil moisture
content in the top 1m of the soil in relative units ranging between the wilting point and
field capacity, involves a two-layer infiltration model. SWI data are available from 1991 to
present, with global coverage until 2001. The horizontal resolution of the measurements
is 25km.

Despite the involved uncertainties, Wagner et al. (2003) showed that overall, ERS and
modeled soil moisture agree well. However, the performance of scatterometer data is
limited in densely vegetated areas, deserts, and mountainous regions (de Jeu et al.
2008).

http://mrcc.sws.uiuc.edu
www.ipf.tuwien.ac.at/radar/ers-scat/home.htm)
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3.2.2.4 GRACE TWS retrievals

The GRACE twin satellites have been measuring changes in the Earth’s gravity
field with high accuracy since March 2002. These gravity measurements are used
to derive TWSC datasets at three centres: CSR (University of Texas, Center for
Space Research), GFZ (GeoForschungsZentrum, Potsdam), and JPL (Jet Propulsion
Laboratory, California Institute of Technology). We herein analyze the release
2004 from the CSR, since a comparison of the present products of the three data
centres displays little differences (not shown). Note that this was not the case for
previous releases (Hirschi et al. 2006b). Comparing the release 2004 to previous
releases, the implemented changes include improved background geophysical models
and data processing techniques (Bettadpur 2007). We used here data with a
smoothing radius of 500km (half-width of the equivalent Gaussian smoother). The
data are available from April 2002 to present (downloadable from the Tellus website
http://podaac.jpl.nasa.gov).

Similar to the ERS derived estimates, GRACE observations have to undergo retrieval
algorithms, which are associated with errors and uncertainties. Several studies have
found reasonable agreement of hydrological variables from GRACE and model output
or observations. For instance Swenson et al. (2006) compared TWSC from GRACE
with in-situ measurements in Illinois. They showed that accurate estimates from
GRACE can be obtained on a spatial scale of roughly 300km. Yamamoto et al. (2007),
studying four major river basins of the Indochina peninsula using GRACE and model
simulation data, found that the agreement between the two datasets is good in the
two larger basins studied, whereas the agreement is poorer in the smaller basins.
This finding is related to the smoothing radius, which has to be applied in order to
suppress higher degrees errors. A small smoothing radius is beneficial for detecting fine
spatial scale mass variations, but on the other hand suffers from measurement errors at
higher degrees. Awange et al. (2009), who compared GRACE data with observations
over Australia, noted that while major signals could be detected in this region, there
were still deficiencies in the standard GRACE data processing and filtering methods,
leading to problems when studying basins with a small amount of water. On the other
hand, Rodell et al. (2009) showed that GRACE captures a strong signal of TWSC in
north-western India, which is consistent with reports of groundwater withdrawal in this
area. Thus overall it appears that GRACE can provide useful information though some
uncertainties remain (see also Ramillien et al. 2008).

http://podaac.jpl.nasa.gov
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3.2.2.5 GSWP

We further compare the EI-BSWB dataset to the multi-model output from the second
phase of the Global Soil Wetness Project (GSWP, Dirmeyer et al. 2006). A total of
12 land surface models participated in the second phase of the GSWP and provided
simulations over the time period 1986-1995. The multi-model average was found to
be generally as good as or better than the best of the contributing models (Guo et al.
2007).

In our comparison, we include the changes in column soil moisture, snow-water
equivalent, surface liquid water storage, and canopy interception in the GSWP TWSC
fields, in order to include as many of the TWS components as possible. Note that they
do generally not include groundwater changes due to model structure.

3.2.2.6 Data processing

The in-situ measurements of soil moisture, snow depth and groundwater, GRACE
satellites retrievals, SWI from the ERS scatterometer data, and model output are
individually independent datasets that can be compared to the BSWB data. The
comparison is done on the river basin scale (for the corresponding map see Figure
3.1).

For the in-situ data, all stations available in the Ob basin and Illinois area, respectively,
are averaged with equal weight. The GRACE, ERS and model output data are averaged
over the basins using the catchment definitions described in Section 3.2.1.2. When
comparing to absolute values, the monthly TWSC from the BSWB approach are
integrated.

3.3 Results and discussion

3.3.1 EI-BSWB dataset and its uncertainty range

In order to assess the validity of the EI-BSWB TWSC, we evaluate here the uncertainty
sources for these estimates. In Table 3.2, different uncertainty estimations for the single
components of the EI-BSWB TWS data are provided. We use two different approaches
to estimate the total uncertainty in the EI-BSWB data: 1) We estimate the uncertainty
as the sum of the uncertainties of streamflow and moisture convergence which are
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Figure 3.1: River basins considered, for legend see Table 3.3. Note that No.15 (French basins)
includes the basins No.2, 4, 6 and 7. The dots in the basins No.29 (Ob) and No.13 (Illinois)
denote the soil moisture observations considered in this study. The BSWB TWS data in the
Illinois area is derived on quadrilaterals (shown) to assure a good accordance with observations.

computed as described in 3.2.1.4, and 2) the imbalances over the considered years
(1991-2001) between the atmospheric and terrestrial data are used as an uncertainty
estimate.
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Table 3.2: Estimates of uncertainty ranges of the EI-BSWB dataset (1991-2001). Basins, for which the dataset does not cover the
period 1991-2001, are omitted from this analysis: Odra, Syrdarya, Wisla, Danube, Mackenzie and Mississippi.

Est. Moist. Moist. Relative Total Relative Total est. Rel.
stream- conver- conver- Total est. est. est. uncer- est. un- Mean

flow gence gence est. un- un- un- un- tainty certain- amp-
uncer- diff. diff. certainty certainty certainty certainty im- ty im- litude Stdev Basin
tainty EI-E40 EI-FC E40-EI+sf E40-EI+sf EI-FC+sf EI-FC+sf balances balan- TWS TWSC size

[mm/d] [mm/d] [mm/d] [mm/d] [%] [mm/d] [%] [mm/d] ces [%] [mm/d] [mm/d] [km2]
1 Weser 0.08 0.77 0.38 0.85 36.7 0.45 19.7 -0.38 16.6 2.31 1.16 35888
2 Garonne 0.11 0.78 0.41 0.88 26.9 0.52 15.7 -0.52 15.7 3.28 1.35 49381
3 Ebro 0.03 0.92 0.45 0.95 31.2 0.48 15.9 -0.43 14.1 3.03 1.15 83930
4 Seine 0.07 0.81 0.46 0.88 24.8 0.52 14.8 -0.09 2.6 3.53 1.64 84144
5 Po 0.18 0.73 0.68 0.91 42.6 0.86 40.3 -0.59 27.4 2.13 1.34 85223
6 Rhone 0.16 0.79 0.58 0.95 30.2 0.75 23.7 -0.65 20.7 3.14 1.52 94836
7 Loire 0.07 0.77 0.32 0.84 30.7 0.39 14.5 -0.20 7.4 2.73 1.23 107646
9 Elbe 0.04 1.13 0.32 1.17 52.7 0.36 16.3 -0.23 10.3 2.22 0.99 132014

10 Rhine 0.13 0.60 0.29 0.72 27.4 0.42 15.7 -0.39 14.8 2.64 1.22 160704
13 Illinois 0.02 0.64 0.49 0.66 21.8 0.51 16.7 0.26 8.6 3.03 1.45 203549
14 Amudarya 0.04 0.42 0.32 0.46 11.5 0.36 8.9 0.07 1.7 3.99 1.50 321599
15 French basins 0.10 0.54 0.28 0.64 20.9 0.38 12.4 -0.32 10.5 3.06 1.34 336007
16 Arkansas 0.03 0.63 0.40 0.66 34.7 0.43 22.9 -0.19 10.1 1.89 0.98 382423
17 Ohio 0.14 0.48 0.32 0.62 27.0 0.46 20.0 -0.52 22.4 2.30 1.12 503558
18 Columbia 0.07 0.56 0.11 0.63 14.8 0.19 4.4 0.04 1.0 4.26 1.66 600730
20 Yukon 0.08 0.13 0.09 0.20 8.3 0.17 6.9 0.02 0.9 2.45 0.84 779081
21 Changjiang 0.12 0.29 0.34 0.41 16.8 0.46 18.9 0.17 7.1 2.43 0.87 965180
22 Murray-Darling 0.00 0.29 0.26 0.29 24.2 0.26 22.0 -0.49 40.5 1.20 0.70 1006173
23 Missouri 0.01 0.25 0.17 0.26 12.6 0.18 8.6 0.09 4.2 2.08 0.90 1201513
24 Volga 0.05 0.13 0.07 0.18 6.3 0.12 4.2 -0.05 1.6 2.87 1.16 1333747
26 Amur 0.03 0.11 0.08 0.14 6.2 0.12 5.1 -0.02 0.9 2.32 0.78 1921624
27 Lena 0.06 0.05 0.04 0.11 4.1 0.10 3.6 -0.09 3.3 2.76 0.89 2351052
28 Yenisei 0.07 0.07 0.03 0.14 4.5 0.10 3.3 -0.13 4.2 3.05 0.92 2513361
29 Ob 0.04 0.07 0.04 0.11 4.0 0.08 2.8 -0.04 1.3 2.75 0.95 2859889
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For the first approach, the uncertainty estimates of moisture convergence are calculated
from the differences of ERA-Interim and ERA-40 as well as from the differences of ERA-
Interim reanalysis and ERA-Interim 6-h forecast data. Note that when using the two
reanalyses, improvements from the ERA-40 to the ERA-Interim reanalysis may lead
to an overestimation of the uncertainty for the EI-BSWB estimates. The differences
between the ERA-Interim reanalysis and 6-h forecast data are the increments of
the reanalysis, i. e. the systematic errors of the model. These increments are only
meaningful in regions with sufficient observations (e. g. Fitzmaurice and Bras 2008).

To obtain the relative uncertainties, the absolute total uncertainties (moisture
convergence and streamflow uncertainty) are divided by the amplitudes of the derived
TWS cycles, i. e. the absolute difference of the maximum and minimum TWS values
within the mean seasonal cycle. The standard deviation of the monthly values of the
TWS series is also provided in Table 3.2. The river basins are ordered in ascending
size, because the quality of the BSWB estimates has been shown to be closely related
to the size of the basins under consideration (Hirschi et al. 2006a).

Comparing the estimated uncertainties of streamflow with the total estimated
uncertainty obtained from the differences in moisture convergence, it is evident that
the uncertainty of the streamflow measurements contributes only little to the total
uncertainty. When using the moisture convergence differences between ERA-Interim
and ERA-40, the streamflow accounts for less than 20% of the total estimated
uncertainty in 16 and, when using ERA-Interim reanalysis and ERA-Interim 6-h
forecast differences, in 10 out of the 24 investigated basins. Only in the Lena (ERA-
Interim/ERA-40 difference) and the Yenisei and Ob basins (ERA-Interim reanalysis/6-
h forecast difference) does the streamflow uncertainty account for more than 50% of
the total uncertainty. Consequently, the uncertainty of the moisture convergence is
the main contributor to the total uncertainty. Previous studies (e. g. Gutowski et al.
1997) suggested that streamflow is measured with good accuracy, and therefore the
imbalances between streamflow and moisture convergence, which are seen as an
uncertainty estimate of the BSWB data, arise from small systematic errors in the
moisture convergence of the employed reanalysis data (Seneviratne et al. 2004).
This assumption is supported by our results. The uncertainties of the moisture flux
convergences (and the related total estimated uncertainties) show a strong decreasing
tendency towards large basin sizes. The relative estimated uncertainties also decrease
with increasing basin size and amount to less than 10% for the largest river basins
under study (roughly larger than 106km2). Note that the uncertainties estimated from the
ERA-Interim reanalysis- forecast values tend to be smaller than when estimated from
the difference between ERA-Interim and ERA-40. This could point to an overestimation
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of the uncertainty with the latter approach, in particular in the cases where significant
improvements can be expected between ERA-Interim and ERA-40 (i. e. the differences
are not random).

The imbalances between cumulative streamflow and moisture convergence show very
large variations between the different basins: The smallest values are around 0.02mm/d
(Amur, Yukon), but values of up to more than 0.5mm/d also occur (Garonne, Rhone,
Ohio, Po). The imbalances are clearly smaller for large basins than for small basins.
Exceptions are the Seine and Amudarya basins, which exhibit small imbalances (0.09
and 0.07mm/d) despite their relatively small sizes. On the other side of the range
are the Yenisei, Murray-Darling and Ohio basins with anomalously large imbalances
(0.13, -0.49 and -0.52mm/d, respectively). In all river basins except for the Murray-
Darling river basin, the relative and absolute imbalances are smaller than the estimated
uncertainties from the differences in moisture convergence from ERA-Interim and ERA-
40 and streamflow uncertainties. The semi-arid Murray-Darling basin is characterized
by very small absolute monthly values of moisture convergence. This could lead to an
underestimation of the uncertainty when comparing the monthly ERA-Interim with ERA-
40 moisture convergences. The higher imbalance reflects a more realistic estimate of
the accuracy in the Murray-Darling basin. Also Draper and Mills (2008) found that the
water budget of the Murray-Darling basin could not be confidently estimated with both
a model and two reanalysis data products, most likely due to the spatial coverage of
the atmospheric moisture soundings. In addition, part of the unusually high negative
imbalance (given its large size) could also be explained by a real decrease in TWS in
this region (such as is the case in other regions, e. g. Rodell et al. 2009), but cannot
be evaluated with the BSWB method. The uncertainty estimates from the moisture
convergence of ERA-Interim reanalysis and ERA-Interim 6-h forecast also show larger
values than those from the imbalances in most basins: Only the Murray-Darling, Ohio
and Yenisei basins reveal larger uncertainties when using the imbalances than the
moisture convergence and streamflow errors.

The imbalances (long-term drifts) are negative in most river basins (18 out of the 24
basins). This most likely results from an underestimation of water vapour convergence
in the ECMWF reanalyses, as suggested by Hirschi et al. (2006a). Positive imbalances
are found in the Changjiang, Illinois, Columbia, Missouri, Yukon and Amudarya basins.
This could be linked to human influence and therefore streamflow underestimation, or
real changes in the water balance in these regions: The Changjiang streamflow for
example is measured at the three gorges dam; the Columbia, Missouri, and Yukon
basins include areas with strong agricultural activity.
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3.3.2 Comparison between EI-BSWB and E40-BSWB

In the following, the EI-BSWB TWSC are compared to the previously derived and
validated E40-BSWB estimates. Figure 3.2 shows the dependence of the imbalances
of the EI- and E40-BSWB datasets on the basin size for the common period 1991-
2001. Imbalances from the EI-BSWB are displayed in black, those from ERA-40 in
red. Different regions are indicated with specific symbols (see legend). This analysis
shows a clear tendency of decreasing imbalances with increasing basin size (see also
previous section and Hirschi et al. 2006a). Comparing the EI- and E40-BSWB datasets,
it is worth noting that the large basins in Russia and China have small imbalances in
both datasets, with only minor changes from the previous to the present reanalysis. The
Murray-Darling as well as the Missouri river basins exhibit smaller imbalances for the
EI-BSWB than for the E40-BSWB estimates, which might indicate slight improvements
in the moisture convergence data over these areas. Interestingly, the imbalances of 5
out of 16 basins change from a positive (E40) to a negative (EI) sign, while 10 remain
unchanged, and only one changes from negative to positive.

Figure 3.3, top left panel, top left panel, displays the correlation between the EI-BSWB
and E40-BSWB data. Owing to the strong seasonality of TWS, the correlation for the
monthly anomalies relative to the mean seasonal cycle (calculated based on a temporal
identical sample population) are shown. The number of mutual observations is provided
in Table 3.3. The correlations vary strongly between the basins under consideration.
Highest values ranging from 0.9 to 0.96 are observed in the Russian basins Yenisei,
Lena, Ob, Volga, as well as in the Mackenzie basin. Most small basins show an average
correlation of between 0.7 and 0.8. The correlations in the smallest basins are around
0.6 and less.

3.3.3 Validation with observations

In Figure 3.4, scatter plots for EI-BSWB TWSC versus in situ observations in the Ob
basin and in Illinois are shown for the period 1990-1995, and 1990-2000, respectively.
The upper graphs display the correlation of the monthly absolute TWSC, whereas the
lower graphs show the correlation of its monthly anomalies (with removed seasonal
cycle). The correlation of the monthly TWSC is highly significant with values of 0.72
(Ob) and 0.82 (Illinois), respectively. The slope in the Ob basin (1.74) shows that
the BSWB data overestimate the observed changes (including soil moisture and snow
depth only) slightly. The opposite is true for Illinois: The slope of 0.68 indicates an
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Figure 3.2: EI- (black) and E40-BSWB (red) TWS imbalances vs. basin size. The imbalances
are representative for the period 1991-2001.

underestimation of observations. The correlation of the monthly anomalies (lower
graphs) amounts to 0.43 (Ob) and 0.73 (Illinois), respectively.

These results show that TWSC can be successfully derived with the BSWB approach
using the present ECMWF reanalysis ERA-Interim. The good correlation with the
previously derived E40-BSWB data (Section 3.3.2), and the good comparability of the
latter with in-situ observations in additional basins and regions (Seneviratne et al. 2004,
Hirschi et al. 2006a) further strengthen this finding. Note that an evaluation of EI-
BSWB versus E40-BSWB and GSWP for these two regions is presented in the following
section (see also Figure 3.7).
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Figure 3.3: Correlation of monthly anomalies of EI-, E40-BSWB, GRACE and GSWP TWSC
and TU Wien ERS SWI estimates. For the number of observations, on which the correlations
are calculated, see Tables 3.3. Basins where the correlations are based on less than 30
observations are hatched. Inlets of Australia are not to scale.

3.3.4 Comparison with GRACE satellites retrievals, ERS SWI and
GSWP model output

The GRACE satellites provide TWSC estimates, which are therefore directly
comparable to the BSWB TWS data. In the case of the GSWP data, also the whole
TWSC from the models are considered (see Section 3.2.2.5), though these do generally
not include groundwater changes due to model structure. Figure 3.5 shows the mean
annual amplitudes of TWS from EI- and E40-BSWB data, GRACE and GSWP TWS. All
available years are considered.

The comparison shows a generally good agreement of the BSWB datasets with the
GRACE and GSWP data in smaller (upper graph) and larger basins (lower graph), with
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Table 3.3: Correlations between TWS and SWI anomalies from different datasets for the given
number of common observations (n obs). For TU Wien ERS data, only months with more than
50% of basin area covered are considered. Correlations significant on a 95% level are displayed
in bold face.

;

EI-BSWB EI-BSWB EI-BSWB EI-BSWB Basin
with with with with size

E40-BSWB n obs GSWP n obs GRACE n obs ERS n obs [km2]
1 Weser 0.60 124 0.61 66 1.00 2 0.41 63 35888
2 Garonne 0.62 128 0.52 66 -0.10 43 0.24 134 49381
3 Ebro -0.72 12 0.57 57 - 0 0.36 99 83930
4 Seine 0.56 128 0.41 66 0.77 22 0.55 102 84144
5 Po - 1 0.05 36 0.47 43 0.47 38 85223
6 Rhone 0.35 128 0.44 66 0.42 20 0.32 97 94836
7 Loire 0.58 128 0.63 66 0.14 43 0.42 132 107646
8 Odra -0.27 34 0.67 66 0.24 43 0.36 87 107992
9 Elbe 0.76 128 0.79 66 0.59 43 0.38 74 132014

10 Rhine 0.55 128 0.76 66 0.55 43 0.20 78 160704
11 Syrdarya 0.73 21 -0.53 21 - 0 - 0 166381
12 Wisla 0.44 34 0.31 34 - 0 0.31 7 193500
13 Illinois 0.88 128 0.69 66 0.18 41 0.10 101 203549
14 Amudarya 0.53 21 0.52 66 0.58 43 0.35 57 321599
15 French basins 0.63 128 0.59 66 0.05 21 0.44 102 336007
16 Arkansas 0.65 128 0.55 66 0.25 41 0.36 120 382423
17 Ohio 0.70 128 0.61 66 -0.31 41 0.03 116 503558
18 Columbia 0.82 108 0.68 66 0.35 41 -0.05 71 600730
19 Danube 0.78 96 0.40 66 - 0 0.28 55 772220
20 Yukon 0.83 48 0.25 57 0.16 40 0.30 19 779081
21 Changjiang 0.84 128 0.56 66 0.28 43 0.15 98 965180
22 Murray-Darling 0.81 128 0.84 66 0.28 43 0.53 112 1006173
23 Missouri 0.89 128 0.71 66 0.36 43 0.60 84 1201513
24 Volga 0.91 92 0.68 30 - 0 0.71 54 1333747
25 Mackenzie 0.95 60 0.70 66 -0.31 10 0.46 47 1587878
26 Amur - 0 - 0 0.41 32 - 0 1921624
27 Lena 0.90 128 0.38 66 - 0 0.10 42 2351052
28 Yenisei 0.97 128 0.69 66 0.66 10 0.15 53 2513361
29 Ob 0.96 96 0.82 66 - 0 0.42 37 2859889
30 Mississippi 0.89 72 0.82 66 0.64 11 0.55 36 2868901

the exception of the Yukon and Volga basins, where GRACE and GSWP show much
larger amplitudes than the BSWB data.

As an example, Figure 3.6 displays time series of EI-BSWB and GRACE TWS for the
Seine and Murray-Darling basins. The EI-BSWB TWS data (black lines) cover the entire
period shown (1992-2005). GRACE TWS from the CSR data-center is shown for the
period 2002 to 2005 (green lines). Additionally, ERS SWI data (red lines) are shown for
months with more than 50% areal coverage of the basin.

The good agreement between GRACE and EI-BSWB TWS found in Figure 3.5 can also
be seen in Figure 3.6: The TWS from the two datasets have similar seasonal cycles in
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Ob basin: anomalies 1990-1995
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Figure 3.4: Scatter diagram of EI-BSWB estimates and in-situ observations of soil moisture and
snow depth in the Ob river basin and soil moisture, snow depth and groundwater in Illinois (top
TWSC, bottom TWSC anomalies, i. e. removed seasonal cycle).

the overlapping years 2002 to 2005. ERS SWI data show striking similarities to BSWB
TWS over the whole period available. For example in the Murray-Darling basins, many
water storage peaks such as e. g. in August 1996 and 1998, are captured well regarding
timing and amplitude.

Table 3.3 displays the correlations of the anomalies of the EI-BSWB dataset with the
E40-BSWB, GSWP, GRACE, and ERS datasets. The numbers of mutual observations
are also provided. Values significant on a 95% level are displayed in bold face. In
most basins, highly significant correlations between the EI-BSWB and the GSWP
data are found. As expected given the low resolution of GRACE, ERS data show
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Figure 3.5: Comparison of mean seasonal amplitudes of EI- (black), E40-BSWB (red), GRACE
(blue) and GSWP (turquoise) TWS over the period of available data (at least 24 months).

higher correlations with the EI-BSWB dataset in small river basins. Nevertheless, also
GRACE estimates show promising high correlations in many basins. It is known that
scatterometer measurements are generally not reliable in desert, high-latitude, and
mountain areas (Wagner et al. 2003, de Jeu et al. 2008). This is supported by the small
correlation between ERS and EI-BSWB data in the Rhine river basin, where GRACE
in contrast shows very good agreement with the EI-BSWB data. Interestingly, in the
Ohio basin, the agreement of the two satellite derived datasets with BSWB data is low,
whereas they agree quite well with one another (see also Figure 3.3, right column third
panel from top). This indicates a deficiency of the EI-BSWB data in the Ohio basin,
which is supported by the relatively large imbalance for this basin compared to its size
(Table 3.2). This was not the case in the previously derived E40-BSWB dataset, as
seen in Figure 3.2 (basin size of about 500’000km2). Possible causes for this difference
should be investigated.

For a geographical overview, Figure 3.3 displays the anomaly correlations of the TWSC
from EI-, E40-BSWB, GSWP, GRACE and ERS. Basins where the correlations are
based on less than 30 data pairs are hatched. Note that in the smaller European
basins, GRACE and ERS data generally compare less well with EI-BSWB than GSWP.
In larger basins, also the satellite retrievals compare well to the BSWB estimates.
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Figure 3.6: TWS in the Seine (upper graph) and the Murray-Darling (lower graph) river basins,
from January 1992 to December 2005. TU Wien ERS data are considered when more than
50% of the area are covered. Note the different axes on the left (%) for ERS SWI and on the
right (mm) for BSWB and GRACE TWS.

In Figure 3.7, TWSC from the EI- and E40-BSWB and GSWP model output are
compared to in situ observations in the Ob basin and Illinois. The number of
observations used for the calculation of the correlations is displayed in the figure. In
both basins, the correlation to observations is higher in the EI- than in the E40-BSWB
data. In Illinois, the GSWP data compares best to the observations, whereas in the Ob
basin, both the EI- and E40-BSWB estimates agree better with the observations than
GSWP.
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Figure 3.7: Correlations of TWSC from EI-BSWB, E40-BSWB and GSWP to in-situ observations
(Obs). The observation data period is 1986-2001 for Illinois, and 1986-1998 for the Ob basin.
The actual number of data points used for the computation of the correlation is displayed on top
of each column. In the Ob basin, snow observations are only included before 1995.

3.4 Summary and conclusions

The new ECMWF reanalysis ERA-Interim has been used to derive atmospheric-
terrestrial water-balance estimates of TWSC for several river basins of the world.
The new dataset (EI-BSWB) complements previous datasets derived from the ERA-
40 reanalysis (E40-BSWB) and the ECMWF operational forecast analysis data. This
study focused on the evaluation of the newly derived dataset and on the quantification
of uncertainty estimates for the BSWB approach.

The main source of uncertainty was found in the moisture convergence. In many
river basins, it contributes to more than 80% of the total estimated uncertainty. The
relative estimated uncertainty of the BSWB data is less than 10% of the mean annual
amplitude in the largest basins under consideration, but can be quite important in
small basins. The imbalances between the employed atmospheric (moisture flux
convergence) and terrestrial (streamflow measurement) data show large variations
between the considered river basins. They are generally smaller in large basins.
Compared with the previously derived E40-BSWB data (Hirschi et al. 2006a), the
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imbalances in many basins changed from a positive to a negative sign in the new
EI-BSWB dataset. This means that in these basins, the values of moisture flux
convergence or total column water vapour are smaller in ERA-Interim than ERA-40.
The total and relative estimated uncertainties calculated from the differences between
the ERA-Interim and ERA-40 (ERA-Interim reanalysis and 6-h forecast, respectively)
moisture flux convergence fields are larger than the imbalances in all the basins except
for the Murray-Darling basin (and the Ohio and Yenisei basins, respectively).

We further conducted a comparison of BSWB, GRACE, ERS, and GSWP data. The
EI-BSWB and ERS data compare well despite their differences in spatial resolution
and definition of water storage (the ERS data does not include ground and surface
water). The correlations of their anomalies are highly significant in nearly all basins.
The employed GRACE data compares less well to EI-BSWB, but still has significant
correlations in 10 out of the 22 basins with overlapping years. The GSWP and EI-
BSWB datasets agree well.

In conclusion, BSWB estimates derived from ERA-Interim reanalysis and measured
streamflow are found to provide accurate estimates of TWSC. Satellite retrievals from
ERS, which have a resolution of 25km, agree very well with these estimates. GRACE
satellites retrievals compare less well in small basins, which might be due to their coarse
resolution (500km). Real-time BSWB estimates of TWSC based on ERA-Interim can be
derived in most large river basins where streamflow measurements are available. This
is of strong relevance for several agricultural, hydrological, and climate applications
given the importance of TWSC for society.
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(France), Dr Hessel C. Winsemius from the TUDelft (Netherlands), Martina Mildner from the
Wasser- und Schifffahrtsamt Verden (Germany), the team of the Cofederacion Hidrografica
del Ebro (Spain), Boguslaw Tadeuszewski from the Instytut Meteorologii I Gospodarki Wodnej,
Warszawa (Poland). We would like to thank the Global Soil Moisture Data Bank team for access
to soil water validation data.



Chapter 4

Evaluation of global
observations-based
evapotranspiration datasets and IPCC
AR4 simulations

51



52 Chapter 4: GLOBAL LAND EVAPOTRANSPIRATION DATASETS



53

4
Evaluation of global observations-based

evapotranspiration datasets and IPCC AR4 simulations 1

Quantification of global land evapotranspiration (ET) has long been associated
with large uncertainties due to the lack of reference observations. Several
recently developed products now provide the capacity to estimate ET at
global scales. These products, partly based on observational data, include
satellite-based products, land surface model (LSM) simulations, atmospheric
reanalysis output, estimates based on empirical upscaling of eddy-covariance
flux measurements, and atmospheric water balance datasets.
The LandFlux-EVAL project aims to evaluate and compare these newly
developed datasets. Additionally, an evaluation of IPCC AR4 global climate
model (GCM) simulations is presented, providing an assessment of their
capacity to reproduce flux behavior relative to the observations-based
products. Though differently constrained with observations, the analyzed
reference datasets display similar large-scale ET patterns. ET from the IPCC
AR4 simulations was significantly smaller than that from the other products for
India (up to 1 mm/d) and parts of eastern South America, and larger in the
western USA, Australia and China. The inter-product variance is lower across
the IPCC AR4 simulations than across the reference datasets in several
regions, which indicates that uncertainties may be underestimated in the IPCC
AR4 models due to shared biases of these simulations.

1This chapter is an edited version of: Mueller, B., S. I. Seneviratne, C. Jimenez, T. Corti, M. Hirschi,
G. Balsamo, P. Ciais, P. Dirmeyer, J. B. Fisher, Z. Guo, M. Jung, F. Maignan, M. F. McCabe, R.
Reichle, M. Reichstein, M. Rodell, J. Sheffield, A. J. Teuling, K. Wang, E. F. Wood, and Y. Zhang
(2011), Evaluation of global observations-based evapotranspiration datasets and IPCC AR4 simulations,
Geophysical Research Letters, VOL. 38, L06402, doi:10.1029/2010GL046230. Copyright 2011 by the
American Geophysical Union.
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4.1 Introduction

Land evapotranspiration (ET) is a common component in the water and energy cycles,
and provides a link between the surface and the atmosphere. Accurate global-
scale estimates of ET are critical for better understanding climate and hydrological
interactions. Local scale ET observations are available from the FLUXNET project
(Baldocchi et al. 2001). However, dense global coverage by such point measurements
is not feasible and the representativeness of point-scale in-situ measurements for larger
areas is a subject of active research.

To address this limitation, several alternative global multi-year ET datasets
have been derived in recent years. These datasets include satellite-based
estimates, land surface models driven with observations-based forcing, reanalysis
data products, estimates based on empirical upscaling of point observations,
and atmospheric water balance estimates. The LandFlux-EVAL project (see
http://www.iac.ethz.ch/url/research/LandFlux-EVAL) aims at evaluating and
comparing these currently available ET datasets. The effort forms a key component
of the Global Energy and Water Cycle Experiment (GEWEX) LandFlux initiative, a
GEWEX Radiation Panel program that seeks to develop a consistent and high-quality
global ET dataset for climate studies. Knowledge of the uncertainties in available
ET products is a prerequisite for their use in many applications, in particular for the
evaluation of climate-change projections (e.g. Boe and Terray 2008, Seneviratne et al.
2010). We provide here an analysis of 30 observations-based multi-year global ET
datasets for the 1989-1995 time period, focusing on inter-product spread in various river
basins. In addition, we analyze ET in 11 coupled atmosphere-ocean-land GCMs from
the IPCC Fourth Assessment Report (AR4). A complementary analysis for a three-year
period (1993-1995) by Jimenez et al. (2011) focuses on sensible and latent heat fluxes
in a subset of twelve satellite-based, LSM and reanalysis datasets.

4.2 Data and methods

The analyzed datasets are subdivided into four categories (Table 4.1). In the diagnostic
datasets category, we include datasets that specifically derive ET from combinations
of observations or observations-based estimates, together with relatively simple or
empirically-derived formulations. The remaining categories provide ET estimates as
a byproduct. The second category includes LSM products driven with observations-
based surface meteorological data, while the third includes several atmospheric

http://www.iac.ethz.ch/url/research/LandFlux-EVAL
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reanalyses. These first three categories are referred to collectively as reference
datasets in the context of assessing the IPCC AR4 estimates. IPCC AR4 simulations
from 11 GCMs form the fourth category. An overview of the datasets can be found in
Table 4.1. For a detailed description, the reader is referred to Chapter 2 or the online
auxiliary material at http://www.agu.org/journals/gl/gl1106/2010GL046230/.

Table 4.1: Overview of employed ET datasets. Ct: Category.

Ct Group Dataset Reference Information

O
bs

er
va

tio
ns

-b
as

ed
da

ta
se

ts

D
ia

gn
os

tic
da

ta
se

ts

UCB Fisher et al. (2008) Priestley-Taylor, ISLSCP-II (SRB, CRU, AVHRR)
MAUNI Wang and Liang (2008) Empirical, calibrated with Ameriflux, ISLSCP-II

(SRB, CRU, AVHRR)
PRUNI Sheffield et al. (2010) Penman-Monteith ET, ISCCP, AVHRR
MPI Jung et al. (2010) Empirical upscaling of FLUXNET, CRU, GPCC,

AVHRR
CSIRO Zhang et al. (2010) Penman-Monteith-Leuning ET
AWB Mueller et al. (2010) Atmospheric water balance (GPCP,

ERA-Interim)

LS
M

s

GSWP GS-
COLA, GS-NOAH, GS-NSIPP,
GS-VISA, GS-ISBA, GS-BUCK,
GS-CLMTOP, GS-HYSSIB, GS-
LAD, GS-MOSAIC,
GS-MOSES2, GS-SIBUC, GS-
SWAP

Dirmeyer et al. (2006) 13 GSWP LSM simulations, forced with ISLSCP-
II and/or reanalysis data

GLDAS GL-NOAH, GL-CLM,
GL-MOSAIC

Rodell et al. (2004)

ORCH
EI-ORCH Krinner et al. (2005) ORCHIDEE LSM with ERA-Interim forcing
CRU-ORCH ORCHIDEE LSM with CRU-NCEP forcing

VIC VIC Sheffield a. Wood (2007) LSM

R
ea

na
ly

se
s ERA-INT Dee and Uppala (2008) ERA-Interim Reanalysis

MERRA Bosilovich (2008) Reanalysis
M-LAND Reichle et al. (2011) MERRA-Land Reanalysis
NCEP Kalnay et al. (1996) Reanalysis
JRA25 Onogi et al. (2007) Reanalysis
Reference datasets Statistics (mean, IQR, standard deviation) of

ensemble of single observations-based datasets
(30 in total)

G
C

M
s

IP
C

C
A

R
4 ECHAM5, INMSM, IPSL,

HADGEM, NCAR,
HADCM, MRI, GISS, MIROC-
MED, CCCMA, GFDL

Meehl et al. (2007) AR4 simulations (20c3m) from 11 global climate
models

The subdivision of the datasets in the first three categories is somewhat arbitrary, since
they are all based to some degree on observations and modeling assumptions. Thus,
it cannot be inferred a priori that one category of datasets may be closer to actual ET.
In addition, several datasets are not independent, since they use common calibration
or forcing datasets, and/or common model assumptions (ET parametrization).

http://www.agu.org/journals/gl/gl1106/2010GL046230/
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The analyses are performed for the common period 1989-1995. The calculation of the
interquartile ranges (IQR) and standard deviations presented below are based on the
categories (see Table 4.1), giving each dataset equal weight. Only land pixels that are
common to all datasets (excluding Greenland and the Sahara, where ET values are
generally low) are considered for the analyses.

4.3 Results and discussion

4.3.1 Annual means and global patterns

Figure 4.1 (a) displays the mean annual land ET values of each analyzed dataset, as
well as the means and the standard deviations within each category. The values are
around 1.59 +/-0.19 mm/d (46 +/-5 W m−2), a value close to the reanalyses estimates
given in Trenberth et al. (2009) for two different time periods. The standard deviation of
the IPCC AR4 simulations (0.16 mm/d or 4.6 W m−2) is lower than those of the reference
datasets (standard deviations ranging from 0.17 to 0.19 mm/d or 4.9 to 5.6 W m−2). The
standard deviation of the GSWP LSMs is still smaller (0.12 mm/d or 3.6 W m−2) than
that of the IPCC AR4 simulations.

Global patterns of ET for 1989-1995 are displayed in Figure 4.1 (b-p). The mean values
of the four categories (first column) reveal high congruence (for example high ET in
the tropics, and lower ET in higher latitudes), and nearly no regions with significant
differences (5% Level, Wilcoxon Rank-Sum Test) are found in respective comparisons
with the mean of all reference datasets (third column), except for the IPCC AR4
category. In this category, the ET values compare well with the reference datasets
in many regions (Figure 4.1 k-o), but ET values are significantly lower in the IPCC AR4
simulations in India and South America, and significantly higher in semi-arid regions
such as western Australia, western China and the western USA. Overall, the IPCC
AR4 simulations appear to underestimate ET gradients within continents (e.g. in North
and South America, in Asia north and south of the Himalaya, and in Australia), which
could be related to the generally coarse resolution of the models.

The relative IQR (IQR divided by the median, second column) of the LSMs is lower
than those of the other categories in Australia and in tropical regions, probably because
many of the LSMs share a common forcing (GSWP, GLDAS), but higher in e.g. most
of Europe. The IQR of the diagnostic datasets is, compared to the other reference
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datasets, high in e.g. Australia, and southern and central Africa, but much smaller in
Europe.

The IPCC AR4 simulations display higher inter-model deviations than the reference
datasets in semi-arid regions such as Australia, India, South Africa, and parts of the
Tibetan plateau (4.1 l,o). Accordingly, the IQR of the models in these regions (4.1 p) is
much higher. On the other hand, some regions show markedly less inter-model spread
across the IPCC AR4 simulations than would be expected based on the uncertainties
inferred from the reference datasets (e.g. tropical Africa, East Asia, central Europe,
eastern USA). Thus, climate models may share common biases in these regions, either
related to biases in forcing (precipitation, clouds, radiation) or in the representation of
land hydrology.

4.3.2 Basin-scale analysis

Multi-year ET values of all analyzed datasets are displayed in Figure 4.2 as the deviation
from the reference datasets’ mean for selected basins (Mississippi, Amazon, central
European basins, Volga, Nile, Changjiang, Murray-Darling). The catchment definitions
from Hirschi et al. (2006a) are used for the computation (see Figure 4.2, bottom).
Plots for individual seasons (May to June (MAM), June to August (JJA), September
to November (SON), and December to February (DJF)) are provided in the auxiliary
Figure 4.4.



58 Chapter 4: GLOBAL LAND EVAPOTRANSPIRATION DATASETS

R
e
f

U
C

B

M
A

U
N

I

P
R

U
N

I

M
P

I

C
S

IR
O

A
W

B

G
S

-C
O

L
A

G
S

-N
O

A
H

G
S

-N
S

IP
P

G
S

-V
IS

A

G
S

-I
S

B
A

G
S

-B
U

C
K

G
S

-C
L
M

T
O

P

G
S

-H
Y

S
S

IB

G
S

-L
A

D

G
S

-M
O

S
A

IC

G
S

-M
O

S
E

S
2

G
S

-S
IB

U
C

G
S

-S
W

A
P

G
L
-N

O
A

H

G
L
-C

L
M

G
L
-M

O
S

A
IC

E
I-
O

R
C

H

C
R

U
-O

R
C

H

V
IC

E
R

A
-I
N

T

M
E

R
R

A

M
-L

A
N

D

N
C

E
P

J
R

A
2
5

E
C

H
A

M
5

IN
M

C
M

IP
S

L

H
A

D
G

E
M

N
C

A
R

H
A

D
C

M

M
R

I

G
IS

S

M
IR

O
C

-M
E

D

C
C

C
M

A

G
F

D
L

0

0.5

1

1.5

2

0

10

20

30

40

50

G
lo

b
a
l 
la

n
d
 E

T
 i
n
 m

m
/d

W
/m

2

Global land ET

LSMs
1.49 +/- 0.17 mm/d

Diagnostic
1.66 +/- 0.19 mm/d

Reanalyses
1.73 +/- 0.17 mm/d

IPCC AR4
1.65 +/- 0.16 mm/d

Reference 1.56 +/- 0.20 mm/d

W
/m

2

Figure 4.1: Mean global land ET values for each dataset (a) with mean and standard deviation
for each category (numbers). Mean, relative interquartile range (IQR) and difference of mean to
mean of reference datasets (Ref.) of the diagnostic datasets (b-d), LSMs (e-g), reanalyses (h-j),
and IPCC AR4 simulations (k-m). Mean (n) and relative IQR (o) of the reference datasets and
difference of relative IQRs IPCC AR4 to reference datasets (p). Hatched areas in d,g,j,m show
a nominal 5%-significance level as heuristic descriptive indicator (Wilcoxon Rank-Sum test).
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Figure 4.2: Deviations of each dataset from the reference datasets’ mean (displayed on the bottom as ’ref’) over 1989-1995 (multi-
year means) for the selected river basins (1) Amazon, (2) Mississippi, (3) Central European basins, (4) Volga, (5) Changjiang, (6)
Nile, (7) Murray-Darling. The datasets are grouped into diagnostic datasets (Diagn), LSMs (LSMs), reanalyses (Rean) and IPCC
AR4 simulations (IPCC). P-R values are marked with red stars and dashed lines. Location of river basins (right bottom).
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Datasets are sorted into the four categories (separate bars). Additionally, ET estimated
from the difference between precipitation (P) derived from the Global Precipitation
Climatology Project (GPCP) and runoff (R) from local measurements is shown for multi-
year means (ET=P−R is not generally valid for shorter time scales) in the Mississippi,
central European, Volga, Changjiang and Murray-Darling basins. The P−R values can
be seen as a long-term constraint on ET (indicated with red lines where available),
although multi-year anomalies of terrestrial water storage cannot be excluded in some
regions. Overall, the P−R values are found to be close to the reference datasets in the
Mississippi, central European and Murray-Darling basins.

The absolute intra-category spreads are largest in the Amazon basin, where the highest
ET rates occur. The second largest spreads are found in the Murray-Darling basin
during SON and DJF, most pronounced in the IPCC AR4 simulations (auxiliary Fig. 4.4).
Comparing the four dataset categories, the intra-category spreads are similar. However,
the values can differ largely between basins. In the Changjiang basin for example, the
reanalyses and IPCC AR4 simulations display notably higher ET rates than the other
dataset categories (up to 0.75 mm/d on average during MAM; see auxiliary Fig. 4.4).
The intra-category spreads of the IPCC AR4 simulations are much larger than the other
categories in the semi-arid Nile and Murray-Darling basins. ET is water (precipitation)
limited in these regions, and since the calculation of ET in the IPCC AR4 simulations
is based on modeled precipitation (as compared to observed precipitation in the case
of reference datasets), the high variability of ET may be partly explained by the large
uncertainties in modeled precipitation.

Despite overall similarities of the ET values within these analyzed dataset categories,
individual datasets stand out in some regions and seasons. For example, during MAM
and in the annual mean, the NCEP reanalysis exhibits above average ET values in
the Mississippi, central European, Volga and the Amazon basins. The GFDL IPCC
simulation stands out in the Amazon basin during SON (auxiliary material). Note
that outliers among the reference datasets are not necessarily erroneous. Indeed,
congruence across ET datasets may be induced by the use of common data forcing
or model algorithms, rather than the correct representation of ET, as several of the
considered products are not independent (see next section).

4.3.3 Cluster analysis

In order to study the inter-relationship between the individual datasets, a hierarchical
cluster analysis of the multi-year mean ET values is performed (Figure 4.3). The cluster
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analysis sorts the datasets into groups in a way that the degree of association between
two datasets belonging to the same group is maximal. The criterion used for our
analysis is the Euclidean distance between datasets on each land grid cell.

Datasets in the same branch of the cluster tree share similar global patterns. The
strongest dataset cluster is built by the GSWP simulations (with GS-COLA being the
only GSWP model outside the cluster). Most of the IPCC models also form a common
branch in the cluster tree. However, the diagnostic datasets and reanalyses are
separated into two different main branches of the cluster tree. This indicates that
these datasets, although based on observations, exhibit distinct spatial patterns. All
the reanalysis datasets are constrained by different exogenous data and some of them
are on different main branches of the tree. Note also that simulations using the same
model but a different forcing (Mosaic, driven with both GSWP and GLDAS forcing) are
separated into two main branches. These findings suggest that forcing can be critical
for the resulting ET patterns.
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Figure 4.3: Hierarchical cluster analysis of global ET values, averaged over 1989-1995, using
Euclidean distance matrix. Diagnostic datasets (red), LSMs (green), reanalyses (yellow) and
IPCC AR4 simulations (grey).
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4.4 Conclusions

This study provides an overview and evaluation of 41 global land ET datasets for the
1989-1995 time period. Comparing IPCC AR4 GCM simulations with datasets which
include some observational information (reference datasets), similarities can be found
regarding their global patterns and level of uncertainty (interquartile ranges) in most
regions. In their global average, the IPCC AR4 simulations show a smaller spread than
the categories and groups that are partly based on observations, except for LSMs from
the GSWP, which are driven with common forcing data. In addition, climate models
display narrower inter-model range than the reference datasets in some regions, which
may suggest shared biases. However the uncertainty of the observational datasets
prevents evaluation of the magnitude of this bias.

To reduce uncertainty in ET estimates, besides improving ET models, further collection
of ground truth observations to validate and force the models continues to be essential,
especially in data-poor regions. More refined analyses may allow a reduction of the
uncertainty range in observations-based ET products, by identifying whether given
outliers can be excluded based on physical considerations (e.g. McCabe et al. 2008).
Such analyses should nonetheless also consider the lack of independence among
certain products, which may lead to an underestimation of ET uncertainty. This is well
illustrated by the analysis of the GSWP simulations, which e.g. form a strong cluster in
the cluster analysis performed for global ET values of all datasets. Further analyses of
the datasets collected as part of the LandFlux-EVAL project will allow addressing some
of these questions.
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Auxiliary figure
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5
LandFlux-EVAL multi-product synthesis: A

benchmarking dataset for land evapotranspiration 1

Land evapotranspiration (ET) estimates are available from several global
datasets. Here, a global land ET product merged from these datasets is
presented and used for analyses of temporal variations. An important driving
factor and input to most simulated ET products is precipitation, which is also
considered in comparative analyses. We find that the strength of the influence
of the model structure and the forcing data on ET is similar, which holds for ET
patterns and globally averaged ET values. Comparing the trends from 1989-
1997 and 1998-2005, we find a decline in ET and precipitation trends in the
latter period in most datasets, both in global average and in arid regions of the
Southern Hemisphere. In more humid regions, the different datasets are not
consistent on the sign of trend change between the two time periods.

1This chapter is an article in preparation.
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5.1 Introduction

Changes in the hydrological cycle are expected with climate change. Observations
indicate that precipitation over land increased by about 2.4 mm per decade from 1900
to 1988 (Dai et al. 1997, excluding North Africa in their analysis). Extending the
analysis to the entire 20th century results in a similar large trend (reduced by about
25%, New et al. 2001). While some publications relate this behavior to a possible
intensification of the hydrological cycle, this term is not well defined. Indeed, while
evaporation from ocean surfaces is expected to increase with increasing temperature,
it is unclear whether evapotranspiration (ET) from land surfaces could similarly increase
due to possible limitations imposed by soil moisture content. Due to a lack of relevant
observations, respective trends of land ET could not be assessed until recently. The
study by Jung et al. (2010) is the first to investigate this issue over a relatively short
time span from 1982 to 2008. Jung et al. (2010) performed a trend analysis based on a
global dataset derived from in-situ measurements of ET from the FLUXNET project and
satellite remote sensing and surface meteorological data (Jung et al. 2009, hereafter
referred to as MPI dataset). A tendency of increasing ET was found for the years 1982
to 1997, which is in agreement with a possible intensification of the hydrological cycle.
However, this trend was found to vanish after 1998. Additional 8 datasets were found
to overall agree with these diagnosed tendencies (Jung et al. 2010). The decline in
global land ET trend after 1998 was attributed to a decrease in moisture availability
in Southern Hemisphere supply- (i. e. water-) limited evaporative regimes, which might
indicate that a limit to the temperature-driven acceleration of the hydrological cycle was
reached during the 1998-2008 time period. Nonetheless, the article also pointed that
whether this tendency could be related to a long-term trend or only decadal variability
could not be assessed given the short time period considered.

Decreasing ET in soil moisture-limited regions would lead to a further increase in air
temperature, since more available energy would be partitioned into sensible heat. Thus,
understanding the changes in the hydrological cycle is not only important to reduce the
uncertainty in climate change projections, but also to assess the impacts of its changes
on water availability, as well as for the occurrence of droughts, floods and hot extremes
(see, e. g., Mueller and Seneviratne 2012).

In recent years, several observations-based ET datasets that cover a multi-year period
have been derived. In Mueller et al. (2011b), an evaluation of their performance within
the LandFlux-EVAL initiative over the time period 1989-1995 was presented, while the
study of Jimenez et al. (2011) assessed a subset of these datasets over the time period
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1993-1995. These studies demonstrated a relatively good agreement between the
different observational products, i. e. diagnostic datasets, land-surface models (LSMs)
driven with observations-based forcing, and atmospheric reanalyses. These studies
focused on spatial patterns of multi-year means and, in the case of Jimenez et al.
(2011), seasonal variations. However, the performance of the LandFlux-EVAL datasets
in reproducing ET trends or multi-annual variations has not yet been investigated.

Deriving ET from both simple and more complex models, including remote sensing
based datasets, requires some atmospheric forcing data, such as precipitation or
temperature. Results from Mueller et al. (2011b) suggest that atmospheric forcing
has a strong impact on the global patterns of the derived ET. The variety of both
forcing datasets and variables within the LandFlux-EVAL datasets is large. Most of
the diagnostic datasets and LSMs employ precipitation forcing, which has been shown
to be a main driver for ET especially in moisture-limited regions (see, e. g., Teuling et al.
2009, Seneviratne et al. 2010).

The relevance of forcing data for ET estimates has also been discussed in Schlosser
and Gao (2010). This study compared simulations from the same LSM with different
forcing to simulations from different models with the same forcing. These simulations
are available from the Global Soil Wetness Project (GSWP, www.iges.org/gswp).
Schlosser and Gao (2010) concluded that their results suggested a stronger influence
of the model structure compared to that of forcing for global land means of ET.

Therefore, a focus of the study is on the importance of precipitation forcing for ET
estimates. We analyze multi-year means, timeseries and trends of ET from LandFlux-
EVAL datasets and precipitation. The derivation of a multi-dataset product (merged
dataset), created from a combination of ET datasets partly from the LandFlux-EVAL
initiative, is explained. Such a dataset is valuable as a benchmarking dataset for ET.
ET from this merged dataset is analyzed and compared to the single datasets. The
analyses are performed globally and for specific climate regions.

5.2 Datasets and methods

5.2.1 Individual and merged evapotranspiration datasets

In this study, we use ET datasets that have been previously analyzed in Mueller et al.
(2011b), as well as some additional datasets. An overview of the diagnostic datasets,
land-surface or hydrological models and reanalyses considered in this study is provided

www.iges.org/gswp
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in Table 5.1. The table also lists the schemes used for calculating potential ET, the
number of soil layers used in the case of LSMs, the precipitation forcing datasets and
other forcing variables used for the derivation of the respective products or, in the case
of reanalyses, the land-surface schemes.

The basic scheme for estimating potential ET is the aerodynamic expression. Since
the saturation specific humidity, which is used in the aerodynamic expression, is
non-linearly dependent on temperature, several approaches have been developed
to solve the ET equation. If it is solved by iteration, the ET scheme is referred
to as aerodynamic in Table 5.1. Solving it by adding equations to approximate
the temperature dependence of the specific humidity is referred to as combination
equation approach. Two of the most widely used combination equation approaches
are the Priestley-Taylor and the Penman-Monteith formulations. The Penman-Monteith
equation does not describe potential ET, but reference crop ET, since it includes a
surface resistance which accounts for physiological control. The reduction of potential
to actual ET, i. e. the inclusion of soil moisture dependence on evaporation, can be
achieved through different methods, most of them including the actual and maximum
possible water content of the soil (see Mahfouf and Noilhan 1991, for a detailed
description). For more details on the aerodynamic, Priestley-Taylor and Penman-
Monteith equations used in LSMs, see Brutsaert (2005), Viterbo (2002) or Desborough
et al. (1996), for instance.

The forcing variables used for all LSMs are temperature, precipitation, wind speed,
specific humidity, longwave and shortwave radiation, and surface pressure. The global
hydrological models (GHMs, indicated with a star) use either the same variables
(GWAVA), or a subset of these variables (only precipitation and temperature in the
case of the MPI model, additionally longwave and shortwave radiation for LPJmL and
WaterGAP, and wind speed and humidity for MacPDM).

An additional diagnostic dataset considered here as compared to the previous
analyses of Mueller et al. (2011b) is GLEAM (Global Land-surface Evaporation: the
Amsterdam Methodology). GLEAM ET is based on the Priestley-Taylor equation and
the Gash analytical model of forest rainfall interception (Miralles et al. 2011b). The
model discriminates the different evaporation components, i. e. interception, bare soil
evaporation, transpiration and sublimation, and ET is coupled to soil moisture (Miralles
et al. 2011a). The forcing data were all obtained from remote sensing products.

The additionally included model ET datasets are sensitivity runs from the GSWP
experiment (listed in Table 5.2) and simulations from the Water Model Intercomparison
Project (WaterMIP). Only few modelling groups that submitted their simulations to the
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Table 5.1: Overview of ET datasets, including their ET scheme or land-surface schemes
(LSS), respectively, number of soil layers, precipitation forcing dataset and atmospheric forcing
variables. Model names with a star are classified as GHMs. Forcing variables are P:
precipitation; T: air temperature; W: wind speed; Q: specific humidity; R: radiation; SP: surface
pressure. ’na’ denotes either not applicable or information currently not available.

Group Name Scheme for 89- No. soil Precipitation forcing datasets Atmosph. for-
potential ET/ 05 layers cing variables
LSS for reanalyses

D
ia

gn
os

tic
ds

UCB Priestley-Taylor na No na
MAUNI Empirical na No na
PRUNI Penman-Monteith x na Sheffield et al. (2006) na
MPI Empirical x na GPCC na
CSIRO Penman-Monteith x na GPCC na
GLEAM v1A Priestley-Taylor x na CPC unified precip na
AWB No x na GPCP na

LS
M

s
an

d
G

H
M

s

GSWP GS-COLA Aerodynamic 6 NCEP, GPCC, GPCP P,T,W,Q,R,SP
GS-NOAH Penman-Monteith 4 (CRU for spin-up) P,T,W,Q,R,SP
GS-NSIPP Aerodynamic 3 P,T,W,Q,R,SP
GS-VISA na 10 P,T,W,Q,R,SP
GS-ISBA Aerodynamic 3 P,T,W,Q,R,SP
GS-BUCKET Aerodynamic 1 P,T,W,Q,R,SP
GS-CLMTOP Aerodynamic 10 P,T,W,Q,R,SP
GS-HY-SSIB Aerodynamic 3 P,T,W,Q,R,SP
GS-LAD Aerodynamic 1 P,T,W,Q,R,SP
GS-MOSAIC Penman-Monteith 3 P,T,W,Q,R,SP
GS-MOSES2 Penman-Monteith 4 P,T,W,Q,R,SP
GS-SIBUC Aerodynamic 3 P,T,W,Q,R,SP
GS-SWAP Penman-Monteith 2 P,T,W,Q,R,SP

WaterMIP WM-GWAVA* Penman-Monteith multi WATCH (Weedon et al. 2011) P,T,W,Q,R,SP
WM-H08 Aerodynamic 1 P,T,W,Q,R,SP
WM-HTESSEL Penman-Monteith 4 P,T,W,Q,R,SP
WM-JULES Penman-Monteith 4 P,T,W,Q,R,SP
WM-LPJmL* Priestley-Taylor 2 P,T,R
WM-MacPDM* Penman-Monteith multi P,T,W,Q,R
WM-MATSIRO Aerodynamic 5 P,T,W,Q,R,SP
WM-MPI* Thornthwaite 1 P,T
WM-VIC Penman-Monteith 2 P,T,W,Q,R,SP
WM-WaterGAP* Priestley-Taylor multi P,T,R

GLDAS GL-NOAH Penman-Monteith x 4 CMAP P,T,W,Q,R,SP
GL-CLM Aerodynamic x 10 P,T,W,Q,R,SP
GL-MOSAIC Penman-Monteith x 3 P,T,W,Q,R,SP

ORCH EI-ORCH Aerodynamic x 11 ERA-Interim P,T,W,Q,R,SP
CRU-ORCH Aerodynamic x 11 CRU, NCEP P,T,W,Q,R,SP

VIC VIC Penman-Monteith x 2 obs. and NCEP P,T,W,Q,R,SP
NOAH-PF GL-NOAH-PF Penman-Monteith x 4 Sheffield et al. (2006) P,T,W,Q,R,SP
MERRA- MERRA-LAND Penman-Monteith x Replay of renalysis with P,T,W,Q,R,SP
LAND obs. precip. correction

R
ea

na
ly

se
s E-Int TESSEL x

CFSR-NCEP NOAH x
JRA-25 SiB x
MERRA GEOS-5 Catch- x

ment LSM
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Table 5.2: GSWP COLA model sensitivity runs considered for Figures 5.2 and 5.3. For
abbreviations see Table 5.1.

Group Name Scheme for No. soil Precipitation forcing datasets Atmosph. for-
potential ET layers cing variables

LS
M

s
an

d
G

H
M

s

GSWP GS-COLA Aerodynamic 6 NCEP, GPCC, GPCP (CRU spin-up) P,T,W,Q,R,SP
sensitivity GS-B0 Aerodynamic 6
runs GS-P1 Aerodynamic 6 ERA-40 (no obs. data) P,T,W,Q,R,SP

GS-PE Aerodynamic 6 Hybrid ERA-40 (instead of NCEP/DOE) P,T,W,Q,R,SP
GS-P2 Aerodynamic 6 NCEP/DOE hybrid. GPCC, gauge P,T,W,Q,R,SP

undercatch corrected P,T,W,Q,R,SP
GS-P3 Aerodynamic 6 NCEP/DOE hybrid. GPCC (no P,T,W,Q,R,SP

undercatch correction) P,T,W,Q,R,SP
GS-P4 Aerodynamic 6 NCEP/DOE (no observational data) P,T,W,Q,R,SP
GS-M1 Aerodynamic 6 All NCEP meteorological data (no P,T,W,Q,R,SP

hybrid. with obs.) P,T,W,Q,R,SP
GS-M2 Aerodynamic 6 All ECMWF meteorological data (no P,T,W,Q,R,SP

hybrid. with obs.)

GSWP project also took part in the GSWP sensitivity experiments. We consider here
simulations from the GSWP COLA model, for which we include five simulations with
different precipitation forcing (P1-P4 and PE) in addition to the baseline integration (B0)
and two runs with all meteorological forcing changed (M1 and M2). In the abbreviations
in Table 5.2, the last two letters refer to the forcing. The differences between the
precipitation forcing of the GSWP simulations are for example that data from ERA-
40 or NCEP were employed, with or without hybridization with GPCC data and with or
without gauge undercatch correction. More details on these sensitivity experiments are
provided in Schlosser and Gao (2010).

All the WaterMIP simulations are driven with the same forcing dataset (WATCH forcing,
see Weedon et al. 2011), but the forcing variables and time steps employed differ. For a
list of these variables as well as references for each model, see Haddeland et al. (2011).
The differences between the WaterMIP models are large. Some models, for example,
solve both the water and the energy balances at the land surface and are classified as
LSMs (as proposed by Haddeland et al. 2011), while others solve the water balance
only and are classified as GHMs. Further, the WaterMIP models vary substantially in
their complexity in the representation of ET (e. g. including or excluding interception and
transpiration), runoff, groundwater, snow or frozen soil (for more details, see Haddeland
et al. 2011).

From the datasets listed in Table 5.1, we created two merged datasets, one including
all listed datasets and considering 1989-1995 values, and one for a longer time period
(1989-2005) from a subset of the datasets (cross in fifth column in table). Some of
the considered datasets might have unrealistic values. We therefore excluded values
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according to physical constraints. An upper limit of the latent heat flux is given by the
energy balance, i. e. it cannot exceed net surface radiation. We calculated a seasonal
cycle of net radiation (from the Surface Radiation Budget (SRB) version 3) based on the
monthly maxima of all available years (1984-2007). All data manipulation was done for
monthly values of ET. ET values exceeding the seasonal maxima cycle’s net radiation
by 25% were excluded, unless ET was smaller than 0.3 mm/day, since for such small
values, ground heat flux cannot be neglected. A further possible constraint might be
applied from the assumption that ET should not exceed precipitation over a longer time
period. However, we did not apply such a constraint because soil moisture depletion
might play a role in some regions. Furthermore, the uncertainty in precipitation datasets
(see, e.g. Fekete et al. 2004) does not allow to use this variable as a constraint for ET. In
order to exclude single dataset’s values that were very different from the other datasets,
we thereafter performed a statistical outlier detection after the application of the physical
constraint, similar as described in Weedon (2011), but on monthly values.

Since some datasets exhibit unrealistically large values (especially in the northern
latitudes due to the viewing angle of satellites), ET values exceeding 12.5 mm/day
were excluded for all analyses of single datasets.

5.2.2 Precipitation datasets

The precipitation datasets are from the Climate Research Unit (CRU) at the University
of East Anglia, the Global Precipitation Climatology Centre (GPCC), the Global
Precipitation Climatology Project (GPCP) and the unified climate prediction center
(CPC) from the National Oceanic and Atmospheric Administration (NOAA). These
datasets are chosen for this investigation because a) they are mainly based on
observations, b) they cover the period 1989-2005, and c) they are the forcing datasets
employed for the diagnostic ET datasets used in this study (see Table 5.1).

The CRU precipitation data are based on rain gauge data, whose number varies over
time between around 5’000 and nearly 15’000 stations. The CRU TS3.1 dataset covers
the period 1901-2009. It has not been corrected for gauge biases, which vary with
gauge type and can result in inhomogeneities in the records (New et al. 2000).

The NOAA CPC unified precipitation dataset is created from quality-controlled daily
precipitation gauge data, taking advantage of the optimal interpolation objective
analysis technique (Chen et al. 2008). The retrospective version, covering 1979 to
2005, includes more than 30’000 gauge station data.
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The GPCC monitoring product for the period 1986 to present is based on quality-
controlled data from 7’000 stations, which are interpolated into monthly area averages.
This product delivers the in-situ component for the satellite (microwave and infrared)-
gauge combination GPCP (Huffman et al. 1995, Adler et al. 2003). The GPCP product
includes gauge-bias corrections, but due to the limited length of satellite records,
inhomogeneities arise (Adler et al. 2003).

5.2.3 Considered climate regions

The here employed definition of the climate regions is based on the Koeppen-Geiger
classification (data available from http://koeppen-geiger.vu-wien.ac.at). In order
to facilitate the interpretation of the results, subregions have been merged to larger
regions. The considered regions are plotted in Figure 5.1. The datasets were
aggregated on a common grid of roughly 1.4◦x1.4◦ and were space and time matched,
i. e. only pixels where all ET and precipitation data were available for all months are
considered.

The climate regions are listed with their abbreviations and main characteristics in Table
5.3. The total area amounts to 73’995’000 km3, which is about 50% of the global
land area. Further, mean ET (merged dataset) and precipitation (average of CRU,

Af Am Aw  As BW BS Cs  Cw Cf  Cs  Dw  Df  E

Af   Equatorial fully humid

Am  Equatorial monsoonal

Aw  Equatorial winter dry

As   Equatorial summer dry

BW Arid desert

BS  Arid steppe

Cs  Warm temperate summer dry

CW Warm temperate winter dry

Cf   Warm temperate fully humid

Ds  Snow summer dry

Dw Snow winter dry

Df   Snow fully humid

E    Polar

Figure 5.1: Climate regions. Only pixels where all ET and precipitation datasets have data in all
months are coloured.

http://koeppen-geiger.vu-wien.ac.at


5.3. Interrelation of datasets 75

GPCP, GPCC and CPC), as well as their trend change (1998-2005 minus 1989-1997)
are listed. Jung et al. (2010) have found a positive ET trend during 1982-1997 and
a negative trend of -7.9 mm/yr per decade for the later period (1998-2008). The
respective global value of the merged dataset (trend 1998-2005) corresponds to -5.8
mm/yr per decade (or -42.8 km3/yr2, see Table 5.3).

The global mean precipitation over the areas considered is close to the value reported
in Adler et al. (2003). The global decline in ET trends amounts to 13.7 km3 per year2.
The largest trend decline is found in the arid desert (BW) and steppe (BS) regions,
followed by the equatorial winter dry (Aw) and the snow fully humid (Df, positive trend
change) regions. These four regions are chosen for detailed analyses further below
and are indicated with bold font in Table 5.3.

Table 5.3: Description of climate regions with respective areas, mean ET (merged dataset),
mean precipitation (GPCP, GPCC, CPC and CRU), trend change 1998-2005 minus 1989-1997
and ET trend 1998-2005.

Climate region Abbrev. Area Mean ET Mean ET trend Precip trend ET trend
merged precip change change 98-05

[103km2] [mm/d] [mm/d] [km3 /yr2] [km3/yr2 ] [km3/yr2 ]
Equatorial fully humid Af 3’138 3.4 6.6 1.09 -1.73 -1.86
Equatorial monsoonal Am 3’334 3.3 5.4 0.41 -4.08 -2.71
Equatorial winter dry Aw 11’874 2.5 3.4 -3.46 3.16 -11.49
Equatorial summer dry As 474 2.2 3.2 0.32 -0.19 -0.15
Arid desert BW north 4’371 0.4 0.5 -0.32 0.01 -0.24
Arid desert BW south 4’284 0.6 0.7 -8.18 -10.98 -6.66
Arid steppe BS north 8’700 0.9 1.0 -1.62 -2.71 -2.72
Arid steppe BS south 5’217 1.3 1.5 -9.18 -10.71 -8.63
Warm temp. summer dry Cs 2’152 1.0 1.4 -0.77 -2.08 -0.75
Warm temp. winter dry Cw 4’916 2.0 2.8 1.09 -1.36 -3.33
Warm temp. fully humid Cf 7’275 1.9 2.9 1.99 -10.15 -2.21
Snow summer dry Ds 662 0.9 1.2 -0.33 0.13 -0.30
Snow winter dry Dw 4’156 1.0 1.3 1.61 1.88 -0.65
Snow fully humid Df 10’862 1.1 1.6 2.48 4.45 -1.07
Polar E 2’580 0.8 1.2 1.16 0.32 0.01
Sum/average of above Global 73’995 1.5 2.3 -13.69 -34.06 -42.76

5.3 Interrelation of datasets

5.3.1 Global analyses

To study the influence of the atmospheric forcing on resulting ET patterns, a hierarchical
cluster analysis is performed (see also Mueller et al. 2011b). Here, the distances
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between the datasets (temporal averages) at each grid point are calculated using the
Euclidean distance. If the differences between two datasets are small, they are located
next to one another in the cluster tree. Figure 5.2 displays a cluster analysis of ET
values averaged over 1989-1995.

The datasets are divided into two main branches. One of these branches includes
5 WaterMIP models, all the sensitivity runs from the GSWP COLA model, two LSM
simulations from the Orchidee model, GL-NOAHPF and VIC. All the other LSMs,
diagnostic datasets and reanalyses are situated on the second branch of the tree.
The division of the WaterMIP simulations into two main groups (branches) cannot be
easily explained by ET schemes nor by the classification in LSMs or GHMs: Three
WM-GHMs (indicated with a star) are situated on one of the main branches together
with 3 WM-LSMs, while the other 2 WM-GHMs share a common main branch with the
remaining 3 WM-LSMs. A large difference between some of the WaterMIP models
that are separated by the first degree branch, the GHMs WM-GWAVA, WM-LPJmL and
WM-MacPDM versus LSMs WM-HTESSEL, WM-JULES and WM-MATSIRO, has also
been found in Haddeland et al. (2011). Note also that the only WaterMIP model that
employs the Thornthwaite formula for evaporation (WM-MPI) lies outside of the other
two WaterMIP clusters. In general, the models participating in WaterMIP seem to differ
more from one another in their annual means then the GSWP models.
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Figure 5.2: Hierarchical cluster tree of multi-year means (1989-1995) of ET, using euclidean
distance matrix, ward method.
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In their annual mean, as noted by Mueller et al. (2011b), the GSWP simulations that
share the same forcing, but stem from different LSMs, build one common subbranch,
except for the COLA model. All the sensitivity runs from the COLA model are situated
on a common branch of second order. This means that ET patterns from simulations
with these different forcing data do not differ more from one another than ET patterns
from different models. Note that this does not necessarily mean that the forcing is not
important, but could also indicate that the forcing datasets employed are already robust
enough not to lead to substantially different ET patterns.

5.3.2 Regional analyses

Figure 5.3 displays mean ET versus mean precipitation from the respective forcing (see
Table 5.1) averaged over the climate regions and the years 1989-1995. Where the
precipitation forcing data was not available, the average of CRU, GPCP, GPCC and
CPC was used. The black lines in Figure 5.3 indicate the diagonals through the origins.
Colors are used for different ET schemes and symbols for different groups of datasets.
The values of the merged ET dataset are indicated with a black horizontal line.

We first compare simulations from the GSWP and the WaterMIP projects, which are
each based on common forcing datasets (filled circles and stars/rhombi, respectively).
In most of the regions, the spread within the GSWP and WaterMIP simulations is similar.
However, the spread in the WaterMIP ensemble is smaller in some dry regions (Cs, Dw
and Df), and larger in wetter regions (all equatorial regions). The WaterMIP GHMs
are not separated from the LSMs, which supports our finding from the cluster analysis
that this classification does not fully account for differences among WaterMIP models.
A classification of the models is also possible based on the ET schemes. Potential
evaporation is usually higher in humid and lower in dry regions when calculated by the
Priestley-Taylor as compared to the Penman-Monteith approach (Weedon et al. 2011).
Indeed, our analyses reveal that broadly, Priestley-Taylor based ET (blue colour) is
below-average in dry regions, especially BW, BS, Cs, Ds, and Df, but are closer to
average in wetter regions.

Comparing the GSWP simulations with the same forcing (different models, filled circles)
and the GSWP sensitivity runs with varying precipitation (empty circles) reveals a larger
spread between different models in the global mean, as has been shown by Schlosser
and Gao (2010). A much smaller spread between the sensitivity runs can also be found
in 5 of the 13 regions, while the spreads are similar in all other regions, except for the
Polar region, where the sensitivity runs have a much higher spread. In general, these
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Figure 5.3: Evapotranspiration versus precipitation in the different climate regions and globally,
averaged over 1989-1995. The merged dataset mean (interquartile range) is indicated with
a horizontal full (dashed) gray line. The different colors denote different ET schemes. The
datasets included are listed in Tables 5.1 and 5.2. Abbreviations of climate regions as in Table
5.3. All units mm per day.
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results support the finding from Schlosser and Gao (2010) that model structure is more
important to mean ET than forcing, even when analyzed for different climate regions,
in particular for both wet (energy-limited) and dry (water-limited) regions. However,
it should be noted that this conclusion is partly refuted by the fact that ET from the
GSWP runs sharing the same forcing was found to strongly cluster together compared
to other ET products in Mueller et al. (2011b) as well as in the additional cluster analyses
performed in the present study. Hence, another interpretation could also be that
the GSWP sensitivity experiments assessing alternative forcings do not include large
enough differences in the forcing datasets, or that the uncertainties between currently
available precipitation datasets are small enough not to impact the uncertainties in ET.

In all ET datasets (see Figure 5.3), global land mean ET is smaller than precipitation.
The merged dataset exhibits a value of 1.5 mm/day. In several dry regions, especially
BW and BS, some datasets reveal an ET exceedance over precipitation. The reasons
could be 1) ET is too high, 2) precipitation is too low, 3) both ET and precipitation
are correct, but ET was driven by depletion of terrestrial water storage over the period
1989-1995. In Figure 5.4 (top), mean ET (different colors) from the diagnostic datasets
(for LSMs and reanalyses, see Supplementary Fig. 5.7) is also compared to mean
precipitation (shades of blue). We can again see that in the BW north and BS north
regions, ET in PRUNI and AWB exceeds precipitation in the 1989 to 2005 multi-year
average. ET values similar to precipitation in water-limited regions are realistic, but an
exceedance over such a long time period means a strong drying of the soil and involves
a strong decrease in runoff, and atmospheric moisture fluxes leading to a transport of
the water vapour away from the region. Note that the high values in AWB and PRUNI
ET are restricted to the Northern Hemisphere fraction of BW and BS. The values in BW
south and BS south are more realistic.

Generally, land precipitation exceeds ET. The largest exceedance over ET, on average,
is found in the wettest climate regimes (Af, Am, Aw, Cw, Cf and Df). The variations
among ET datasets is large in the tropics, as has been shown in previous studies
(Jimenez et al. 2011, Mueller et al. 2011b). In dry regions, the amount of ET is similar
to that of precipitation. The variations across the eight ET datasets are similar to those
across the four precipitation datasets. Large differences are only found in BW north, BS
north and Cf, where the standard deviation of the ET datasets is more than twice that
of the precipitation data. The reason for the high variations across the ET datasets in
these regions are very high values of the AWB (and PRUNI for BW north and BS north)
datasets.
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5.4 Temporal variations

In Figure 5.5, the timeseries of ET and precipitation are displayed for the four regions
with the largest ET trend changes, which is positive in the case of Df and negative in all
other regions. The BW and BS regions are again separated into Northern and Southern
Hemisphere. The variability in the time series of different ET and precipitation datasets
seems to be relatively large on a global average (Fig. 5.5, top). Precipitation peaks in
2000, which is followed by several of the ET datasets. The peak of the merged dataset
(red line) is 1998 and ET decreases thereafter as found in Jung et al. (2010).

In the BW and BS regions, the ET timeseries follow roughly those of precipitation: A
slight increase in the early 90ies and a strong minimum in 2000 or 2001 in BW north
and BS north. The AWB dataset differs from the other datasets between 1993 and 1995
in BW north. It follows the GPCP precipitation very tightly. The PRUNI dataset does
not agree in the strong ET decline in 2000 and 2001 in BW north and BS north, even
though all precipitation dataset show this decline. This might indicate that PRUNI ET
in the northern regions is more radiation limited than other datasets. In the southern
regions (BW south, BS south), a strong increase in ET and precipitation before 2000
followed by a decrease is depicted in all of the datasets, though PRUNI, VIC and CRU
show the smoothest timeseries, and the GLDAS simulations have a strong peak in
1996. The ET timeseries from 1998 to 2005 in these regions correspond to the global
soil moisture variations (see, e. g., Jung et al. 2010), as expected in water-limited ET
regimes. Note that even though global ET peaks during the strong El Nino year of 1998,
in single regions, such as the BW south and BS south regions, where the strongest
trend change is found (see Table 5.3), the peaks are in the years around 1998 (often in
2000).

In BW south and BS south, the seasonal cycles (see Supplementary Fig. 5.8) of ET
follows very tightly the seasonal cycle of precipitation, but with a dampened magnitude,
i. e. precipitation varies with a two to four times higher magnitude. This is not the case
in the BW north and BS north region, where the magnitudes of ET and precipitation are
comparable, but the precipitation peaks are narrower than those of ET.

The inter-dataset variability of the timeseries is larger in the Aw than in the BW and
BS regions. The CPC data exhibit a strong decline in precipitation after 1999 (see
also Figure 5.4, bottom). GLEAM ET, which is forced by CPC data, follows this trend
very closely, which is surprising in a wet region, where ET is typically radiation and
not water limited. The variability among the seasonal cycles of the ET in Aw is also
large (Fig. 5.8). Large differences between ET datasets in tropical regions have also
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Timeseries ET

Merged and Diagnostics

Timeseries ET

LSMs and Reanalyses

Timeseries

Precipitation

Figure 5.5: Timeseries from 1989-2005 of ET (merged dataset and diagnostic datasets first
column, LSMs and reanalyses second column) and precipitation (third column) global, for the
arid desert (BW), arid steppe (BS), equatorial winter dry (Aw) and snow fully humid (Df) regions.
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been found in previous studies, and might be due to uncertainties in remote sensing
methods explained by large uncertainties in surface radiation and surface meteorology,
which impact ET estimates strongly in energy-limited areas (Pan et al. 2012). High
uncertainties in precipitation is expected due to the low gauge density in equatorial
regions. The global timeseries of ET show very similar variations to those of the Aw
region. In the Df region, which covers a large part of the northern latitudes, ET exhibits
a positive trend change, which is, however, relatively small compared to the positive
changes in other regions (Table 5.3).

In Table 5.3 and Figure 5.4 we see that there is a large difference between the northern
and the southern parts of the BW and BS regions in terms of trend change, but not in
terms of multi-year ET and precipitation. The trend changes in the BS and BW regions,
which account for most of the global trend change, are surprisingly large for such dry
areas. However, these regions are the first and fourth largest climate regions. The large
trend declines support the findings of Jung et al. (2010), i. e. that the largest contribution
is from regions with supply-limited evaporation regimes. Comparing the trend change
signs of the datasets, we see that dry regions agree better with each other on the trend
change sign. In wet regions such as Af, Am and Aw, even the trend change signs
of precipitation datasets do not agree and are even quite large. Figure 5.6 displays
a map with the agreement in trend change sign. Only regions where more than 60%
(12 out of 17) of the datasets agree in their sign are shown. Negative trend changes
are relatively certain in Australia, the north western U.S. and the Iberian peninsula, for
example. These regions are all rather dry.

5.5 Summary and conclusions

The intensity of the hydrological cycle determines the water availability and influences
the climate system in various ways. Recently, a declining trend in global land
evapotranspiration (ET) from 1998 to 2005 has been found, which suggests a cessation
of the acceleration of the global water cycle, at least over a given time period. Due
to the cooling effect of ET, a decrease in ET trend implicates an increase in surface
temperatures over that time period.

Despite these important impacts of the hydrological cycle and one of its key variable
ET, a detailed trend analysis of ET datasets as well as a global benchmarking
ET dataset are still missing. In the framework of the LandFlux-EVAL initiative
(www.iac.ethz.ch/url/LandFlux-EVAL), several ET datasets based on observations

www.iac.ethz.ch/url/LandFlux-EVAL
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Figure 5.6: Agreement of trend change sign in 17 ET datasets.

(diagnostic datasets, LSMs and reanalyses) have been evaluated, focusing on multi-
annual means and seasonal cycles (Mueller et al. 2011b, Jimenez et al. 2011). The
study presented here is an extension of these investigations, which considers further
simulations from LSMs and GHMs in order to evaluate the importance of forcing data
for ET estimates. Moreover, a merged benchmarking ET dataset is derived and trends
are analyzed in single LandFlux-EVAL datasets as well as the merged ET product.

We analyze the similarity of global ET patterns between the datasets. We find that the
WaterMIP models can be divided into two groups according to their ET patterns, despite
them sharing the same forcing data. We further find a strong cluster built by GSWP
simulations from different models and same forcing, but also from same model with
different forcing. We conclude that both model structure and forcing data are relevant
for the resulting simulated ET.

An analysis of regionally averaged ET and precipitation reveals a similar spread in ET
within the GSWP models and WaterMIP models in most of the regions, with a tendency
of the WaterMIP models to display lower variations in dry regions and higher variations
in wet regions. A comparison of the spreads between the GSWP models with the same
forcing and the GSWP sensitivity runs reveals a larger spread in the latter in 5 out of 13
regions, while it is smaller in only one region.
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We further study the seasonal variations and trends in a smaller subset of datasets.
We find that the average of the ET datasets exhibits a trend decline of 13.7 km3 per
year2 from 1989-1997 to 1998-2005 on a global2 land average. Most of this trend
change is attributed to the arid desert and arid steppe regions, which are determined
by low per m2 ET and precipitation, but cover very large areas of the Northern and
Southern Hemisphere. Dividing these arid desert and steppe regions into Northern
and Southern Hemisphere fractions, we find that the negative trend change arises from
the Southern part only, which is consistent with the results of Jung et al. (2010) with a
smaller number of datasets. In these dry regions ET and precipitation datasets agree
on a negative trend change, i. e. the trend declined after 1998 as compared to before. In
wet regions, the datasets often disagree in their trend change sign, which also applies
for precipitation datasets in the case of the equatorial regions.

A comparison of the multi-year averages across the different climate regions shows an
exceedance of average precipitation over ET in wet regions. In dry regions, precipitation
and ET are similar. The variability between the ET datasets is similar to that between
the precipitation datasets, except for dry regions of the Northern Hemisphere, where
the two ET datasets AWB and PRUNI exhibit above average values.

The four regions with the largest trend changes have been chosen for more detailed
analyses of the timeseries. In the Southern Hemisphere arid desert and steppe regions,
ET typically (including ET from the merged dataset) follows closely the temporal
evolution of precipitation. In the Northern Hemisphere fraction of these regions, the ET
datasets have larger differences. In wet regions, the variations between the datasets in
the multi-year average, temporal evolution and seasonal cycles are large.

In conclusion, the study has shown that both model structure and forcing have an
influence on the resulting ET, which holds not only for global mean values, but is
also true in both dry and wet climate regions. Neither the classification of models in
LSMs and GHMs, nor the employed ET schemes can explain all major differences
between models, although they are found to contribute in part. Currently available
ET and precipitation datasets covering the years 1989-2005 agree on the finding that
dry regions got drier over that time period, while in wet regions large uncertainties
exist and even the sign of the trend change is uncertain in both ET and precipitation
data. However, caution is necessary when analyzing trends, because spurious trends
can be introduced through changes in the observing system in both satellite and rain-
gauge based estimates of precipitation. This is not only true for the precipitation

2After a space and time matching of all datasets, a data coverage of roughly 50% of the land surface
was reached.
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datasets employed here, but also for atmospheric reanalyses (NCEP, ERA-Interim),
which provide forcing data for some of the models used in this study as well as
the AWB dataset (for the latter through water vapour flux convergence). Since ET
estimates rely strongly on precipitation forcing, an influence of spurious precipitation
trends on ET trends is possible. Furthermore, the considered time period is very short
for trend analyses, the analyzed ET datasets are not totally independent from each
other (e. g. same forcing data, similar methodologies), and agreement between them is
not necessarily an indicator of their validity.

Acknowledgment We would like to thank Zhichang Guo from COLA and Fulco Ludwig
from the Wageningen University for providing the GSWP sensitivity runs and the WaterMIP
simulations, respectively.
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Figure 5.8: Seasonal cycles over 1989-2005 of ET (merged dataset and diagnostic datasets
first column, LSMs and reanalyses second column) and precipitation (third column) global, for
the arid desert (BW), arid steppe (BS), equatorial winter dry (Aw) and snow fully humid (Df)
regions.
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6
Hot days induced by precipitation deficits at the global

scale 1

Global warming increases the occurrence probability of hot extremes, and
improving the predictability of such events is thus becoming of critical
importance. Hot extremes have been shown to be induced by surface moisture
deficits in some regions. In this study, we assess whether such a relationship
holds at the global scale. We find that wide areas of the world display a strong
relationship between the number of hot days in the regions’ hottest month
and preceding precipitation deficits. The occurrence probability of an above-
average number of hot days is over 70% after precipitation deficits in most
parts of South America as well as the Iberian Peninsula and Eastern Australia,
and over 60% in most of North America and Eastern Europe, while it is
below 30-40% after wet conditions in these regions. Using quantile regression
analyses, we show that the impact of precipitation deficits on the number of hot
days is asymmetric, i. e. extreme high numbers of hot days are most strongly
influenced. This relationship also applies to the 2011 extreme event in Texas.
These findings suggest that effects of soil moisture-temperature coupling are
geographically more widespread than commonly assumed.

1This chapter is an edited version of: Mueller, B. and S. I. Seneviratne (2012), Hot days induced by
precipitation deficits at the global scale, Proceedings of the National Academy of Sciences of the United
States of America, VOL. 109 (31), doi:10.1073/pnas.1204330109.
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6.1 Introduction

Warm temperature extremes have significant societal and economic impacts (Easterling
et al. 2000). The ability to seasonally predict hot extremes would allow the undertaking
of precautionary measures to avoid or reduce their impacts. This is particularly relevant
for public health management (Sherwood and Huber 2010, Anderson and Bell 2011,
IPCC 2011). Such predictions are even more important in the view that hot days
and heat waves have become more frequent in the second half of the 20th century
(Klein Tank et al. 2006, Alexander et al. 2006), and that these trends are projected to
continue in the future (Tebaldi et al. 2006, Meehl et al. 2007a, Orlowsky and Seneviratne
2012, IPCC 2011).

The role of soil moisture anomalies for the occurrence of hot days and the evolution
of heat waves in transitional climate regions has been highlighted in several regional
studies (Seneviratne et al. 2010, Durre et al. 2000), for example for the 2003 European
heat wave (Fischer et al. 2007b) and for hot European summers in general (Della-
Marta et al. 2007, Hirschi et al. 2011). Such feedbacks between soil moisture and
temperature have also been shown to be relevant for climate change projections
(Seneviratne et al. 2006b, Diffenbaugh et al. 2007). In these various studies, soil
moisture deficits were mostly found to affect hot extremes through the energy balance:
Low soil moisture availability reduces evaporative cooling and increases atmospheric
heating from sensible heat flux (Seneviratne et al. 2010, Hirschi et al. 2011, Alexander
2011). Nonetheless, indirect feedbacks with cloud cover and dry air advection may also
play a role (Fischer et al. 2007b, Vautard et al. 2007, Haarsma et al. 2009).

Here, we explicitly investigate whether information on surface moisture deficits can
be used to derive predictive information on the occurrence of hot extremes a few
weeks later - and if so, in which regions. In addition to modeling studies (Lorenz
et al. 2010), previous studies assessed the relation of hot extremes and preceding
drought conditions using observational data (Hirschi et al. 2011), but to our knowledge,
this relationship has never been investigated with observations at the global scale.
Moreover, most studies assessing soil moisture-atmosphere coupling in present or
future climate (Koster et al. 2004, Seneviratne et al. 2006b) focused on boreal summer
(June-July-August, JJA), but did not consider months most relevant to the respective
regions at the global scale, e. g. austral summer for Southern Hemisphere mid-latitudes.
Building upon a recently published study (Hirschi et al. 2011), we use here the
Standardized Precipitation Index (SPI) (McKee et al. 1993) as proxy for surface moisture
deficits, and we globally assess the impact of these deficits on the occurrence of
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subsequent hot days in the respective hottest month of each particular year and at each
location (see Fig. 6.1A) using correlation analysis and quantile regression (Koenker
and Bassett 1978, Koenker 2005). While correlation analyses are suitable to study the
relationship between two variables’ mean states, quantile regression allows to estimate
the impact of one variable on the tails of the distribution of another. It should be
noted that statistical relationships do not necessarily imply causality, but can be used to
assess the coupling between two variables if plausible mechanisms exist (Seneviratne
et al. 2010).

The SPI is the standard deviation of observed precipitation values from the long-term
mean after a normalization with the gamma distribution. SPI values lower than -0.8
are usually referred to as moderately to extremely dry, and values higher than 0.8 as
moderately to extremely wet. The SPI is calculated from precipitation deficits over a
given time period. We consider here the 3-, 6- and 9-month SPI. For all computations,
SPI values in the month directly preceding the hottest month of the particular year are
considered, which in the case of the 3-month SPI implies, for instance, that April to
June precipitation deficits are taken into account for a hottest month occurring in July.
The precipitation datasets employed for the calculation of the SPI are gridded, in-situ
observations-based datasets (CRU, GPCP, CPC).

Soil moisture deficits can also be estimated from remote sensing (RS) satellite
retrievals, such as the European Remote Sensing (ERS), Advanced Microwave
Scanning Radiometer for EOS (AMSR-E), or Soil Moisture and Ocean Salinity (SMOS)
satellites. Such RS-based datasets provide more direct observations of soil moisture
than the SPI, which is based solely on precipitation. However, the SPI has several
advantages over satellite-derived soil moisture data: First, it can be calculated over a
longer time period than that covered by consistent RS data, which is important to obtain
statistically robust results; second, satellite RS data of soil moisture are not fully global
(e. g. due to retrieval difficulties over densely vegetated areas (Seneviratne et al. 2010,
Owe et al. 2001)); and third, the SPI - contrary to retrievals from RS, which undergo a
post-processing - is available in near real time, which is essential for timely forecasting.

Several definitions of hot days exist (Orlowsky and Seneviratne 2012, Zhang et al.
2011). Here, we define the number of hot days per month (NHD) as the number of
days with a maximum temperature exceeding the 90th percentile (sample of warmest
decile days). As opposed to e. g. threshold-based indices, percentile-based indices are
more comparable across different climatic regions. For the computation of the NHD, we
use daily 2-m air temperature from 1979 to 2010 from different datasets: In the main
analyses, hot days are calculated from the ECMWF reanalysis ERA-Interim (Dee et al.
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2011), while comparisons to hot days from other reanalyses (CFSR and MERRA) and
from an observations-based dataset over Europe are also shown. A time window of five
days centered on each day of the 32-year period is considered, i. e. the 90th percentile
is calculated from 160 daily values.

6.2 Results and Discussion

6.2.1 Global analyses of coupling between precipitation de ficits
and subsequent hot extremes

Correlations between the NHD in the hottest month at each location and the preceding
3-month SPI are displayed in Fig. 6.1B. Several regions exhibit significantly negative
correlations, i. e. high (low) NHD following negative (positive) SPI values, and thus a
potential for NHD early warning. The correlations of the NHD and the preceding 6-
and 9-month SPI are also shown in Fig. 6.1C-D. The correlations are smaller for the
6- and 9-month SPI, and regions with significant values are less extended, but the
patterns of strong coupling are nearly identical. In the following, as well as for the
additional analyses, we will focus on the computations with the 3-month SPI, but the
high consistency over all time frames suggests a strong robustness of the results. Note
that, given the link between SPI and soil moisture availability, these correlations can
also be seen as a measure of coupling strength between the land surface and the
atmosphere (Seneviratne et al. 2010, Koster et al. 2004).

The identified regions of strong correlation between surface moisture deficits and
temperature extremes are found to be located in most of the Americas (both North
and South America), Southern and Eastern Europe, Australia, China, Japan and the
southern tip of Africa. Interestingly, these regions are more extended and located in
partly different areas than diagnosed in the commonly cited model-based (and boreal-
summer) Global Land-Atmosphere Coupling Experiment (GLACE) study (Koster et al.
2004). However, there are also some common features, mostly the strong coupling
found in the Great Plains of North America, and the strong potential predictability found
in Europe in the second phase of the GLACE experiment (GLACE-2) (Koster et al.
2011). In addition, the identified hot spots agree well with the results of another recent
model-based study investigating patterns of soil moisture-evapotranspiration coupling
computed for all seasons (Dirmeyer 2011)(compare in particular with patterns for JJA
and DJF in the mid-latitudes). It should be noted that although the GLACE study (Koster
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Figure 6.1: Relation between number of hot days (NHD) in hottest month of each year and
preceding precipitation deficits (SPI). (A) Geographical distribution of most frequent hottest
month. (B) Correlations of NHD in hottest month with 3-month, (C) 6-month, and (D) 9-
month SPI in preceding month. All maps have been smoothed with a boxcar filter of width
10. Significant levels (90%) are not smoothed (hatched). White areas indicate missing values.
The employed datasets are ERA-Interim (E-Int) for NHD and CRU for SPI.

et al. 2004) is sometimes erroneously interpreted as being a global analysis of land-
atmosphere coupling valid for any season or time period, it has various limitations. Most
importantly, it is: 1) model-based; 2) limited to the JJA season; 3) limited to the 1994
conditions; and 4) valid for intra-seasonal rather than for interannual variability. The
more recent GLACE-2 experiment (Koster et al. 2011) has similar limitations, except
that it has been computed over a longer time period (1986-1995). Our observation-
based analysis, by taking into account the respective period of the year where soil
moisture is most likely to be limiting in each region, suggests a broader relevance of
soil moisture-atmosphere coupling than could be assumed from the well-established
GLACE study. Note that our analysis is limited to interactions between moisture deficits
and hot extremes, and possible feedbacks with precipitation could be relevant in other
regions.
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6.2.2 Similar regions of strong coupling found with differe nt
observations-based datasets

We repeat the analysis of Fig. 6.1B with the NHD calculated from different reanalysis
products (Fig. 6.2A and C) and the 3-month SPI from different observations-based
precipitation datasets (Fig. 6.2B and D). Using the CFSR or MERRA instead of the
ERA-Interim reanalysis for the NHD results in nearly identical regions of strong negative
correlations. Using reanalysis data for the NHD seems appropriate since the respective
time series agree well with the NHD calculated from an observations-based gridded
temperature dataset (see Fig. S1). The choice of the precipitation dataset does also not
affect the resulting patterns substantially. Note that the correlations are slightly more
consistent for GPCP (Fig. 6.2B) and CPC (Fig. 6.2D) compared to CRU (Fig. 6.1B).
A global map of the numbers of dataset combinations with significant correlations is
shown in Fig. S2. In addition, we have tested the robustness of our results by changing
the choice of months considered for the NHD as well as applying a different hot extreme
metric (see Fig. S3).

6.2.3 Quantile regression analysis

The slopes of the 10th, 30th, 70th, and 90th quantile regressions of the 3-month SPI
(CRU precipitation) with NHD (ERA-Interim temperature) are shown in Fig. 6.3A-D. The
patterns of the slopes from the four different quantiles display correspondences in many
regions, implying that the SPI generally affects all quantiles of the NHD in the same
direction. Furthermore, positive slopes are found to increase towards higher quantiles
(from A to D), i. e. higher values of the NHD are more strongly affected by surface
wetness conditions than lower values. This also implies that the distribution of the NHD
is wider after dry conditions, i. e. both low NHD and very high NHD are found after dry
conditions, while wet conditions are strictly followed by a low NHD. This is consistent
with previous results for Southeastern Europe (Hirschi et al. 2011).

6.2.4 Hot day occurrence probability larger after dry than a fter wet
conditions

Fig. 6.4 (top) displays the occurrence probability for an above-average NHD in the
hottest month of the year after dry (SPI below -0.8, 6.4A) and wet (SPI above 0.8,
6.4B) conditions. The difference between the occurrence probabilities after dry minus
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Figure 6.2: Relation between number of hot days (NHD) in hottest month of each year and
preceding 3-month precipitation deficits (SPI) for different reanalysis datasets (NHD, A and C),
and different precipitation datasets (SPI, B and D). (A) CFSR NHD correlated with CRU SPI,
(B) ERA-Interim NHD with GPCP SPI, (C) MERRA NHD with CRU SPI, and (D) ERA-Interim
NHD with CPC SPI. Significant levels (90%) are not smoothed (hatched). White areas indicate
missing values.

wet conditions is displayed in Fig. 6.4C. In many areas, for instance in most parts of the
Americas, in Southern and Eastern Europe and Australia, 60 to 80% of the years display
an above-average NHD following dry conditions (Fig. 6.4A). The occurrence probability
of an extreme NHD (i. e. >150% of average) after dry conditions is 50-60% (see Fig.
S4A), and the regions correspond very well with those found in Fig. 6.4. After wet
conditions (high SPI), the occurrence probability of an above-average NHD is limited
to less than 40% in wide areas (mostly in the same regions, Fig. 6.4B), and extreme
NHD (>150%) are very unlikely to occur (probability of less than 20% in many and
less than 30% in most areas of the world, fig. S4B). Hence, wet conditions prohibit the
occurrence of hot extremes in most regions. Overall, the occurrence probability of an
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Figure 6.3: Quantile regression of NHD in hottest month of each year and preceding 3-month
SPI. Slope of regression lines of 10th (A), 30th (B), 70th (C) and 90th (D) percentiles. White
areas indicate missing values. The employed datasets are ERA-Interim for NHD and CRU for
SPI.

above-average NHD is increased by 30 to 60% after dry compared to wet conditions
(Fig. 6.4C) in the regions of strong surface moisture-temperature coupling identified
from Fig. 6.1. These results suggest that effects of soil moisture conditions on the
occurrence probability of hot days are relevant in a large fraction of the globe. This has
important implications for the improvement of forecasting skill of hot extremes in these
regions.

6.2.5 Texas conditions illustrate asymmetrical impact

We illustrate the asymmetrical impact of the SPI on the NHD at the example of Texas
(region indicated in Fig. 6.1B), which was hit by an exceptional drought and heat wave in
the 2011 summer. In order to include data from the 2011 summer in this analysis, ERA-
Interim instead of CRU precipitation is used to calculate the SPI statistics. A comparison
of the SPI calculated from the two different datasets reveals a close correspondence
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Figure 6.4: Hot day occurrence probability after dry versus wet conditions. Occurrence
probability for above-average number of hot days in the respective hottest month of each
year following low 3-month SPI values (dry conditions, A) and high 3-month SPI values (wet
conditions, B), and difference between the two (C). Values are given in percentage of years with
above-average NHD from total number of low and high SPI years, respectively. Values that are
based on a composite of less than 4 years are not shown (white areas). The employed datasets
are ERA-Interim for NHD and CRU for SPI.

between the two products (Fig. S5). As identified from Fig. 6.3A-D for the above-
highlighted regions, the slopes of the quantile regressions also increase towards higher
percentiles in Texas, and the conditions of the 2011 summer fit well in the overall
distributions (Fig. 6.5A). Consistent with the results from Fig. 6.3, the relative frequency
distribution of the NHD (Fig. 6.5B) is narrower for wet (SPI above 0.8) and wider for
dry (SPI below -0.8) years, and the analysis indicates that the high tails of the NHD
distribution are more strongly influenced by precipitation (and soil water) deficits.
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Figure 6.5: Quantile regression analysis and relative frequency distribution for Texas. (A) Scatter
plots of ERA-Interim NHD in hottest month of respective year and 3-month SPI in preceding
month averaged over Texas region (black square in Fig. 6.1B) with regression slopes (10th,
30th, 50th, 70th, and 90th percentiles) as an example for a region with strong coupling as
defined in Fig. 6.1. The SPI in (A) is calculated from ERA-Interim precipitation data (includes
2011, indicated with a circle). (B) Relative frequency distribution of NHD for all, dry and wet
years, including indication of median (3 vertical dashed lines) and 90th percentile values (3
vertical dotted lines).

6.3 Conclusions

Our observational analysis suggests a strong relationship between precipitation deficits
and the subsequent occurrence of hot extremes in a large fraction of the world, such
as most areas of North and South America, Europe, Australia and parts of China. The
correlation of the precipitation deficits is found to be strongest with high compared to
low extremes of hot day occurrences. Correspondingly, the occurrence probability of
an above-average number of hot days is high after dry conditions and low after wet
conditions in the identified regions. It is noteworthy that we find several additional
regions of strong soil moisture-atmosphere coupling in comparison to previous studies
that were based on model data only (Koster et al. 2004, Dirmeyer 2011).

In summary, our results show that surface moisture deficits are a relevant factor for the
occurrence of hot extremes in many areas of the world. This suggests that hot day
predictions could be substantially improved in operational forecasts in these regions
with the aid of soil moisture initialization. This would allow the development of early
warning and adaptation measures previous to the occurrence of hot extremes, not only
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in regions typically referred to as hot spots of land-atmosphere coupling (e. g. North
American Great Plains) (Koster et al. 2004), but also in several additional regions such
as the European continent, and a large fraction of the Southern Hemisphere.

Materials

CRU 3.1 precipitation data (Mitchell and Jones 2005) have been used to calculate the SPI for
the main analyses. SPI has also been calculated from GPCP (Adler et al. 2003), CPC (Huffman
et al. 1997) and the atmospheric reanalysis ERA-Interim (Dee et al. 2011) (only used in Fig.
6.5 and S5) precipitation data. The reference period for the CRU SPI is 1950-2009, for the
GPCP SPI 1979-2010, for the CPC SPI 1979-2009 and for the ERA-Interim SPI 1979-2011.
The reference period for all NHD calculations is 1979-2010 (except for Fig. S5, where it is
1979-2011). Information on the atmospheric reanalyses MERRA and CFSR can be found in
the literature (Rienecker et al. 2011, Saha et al. 2010). E-Obs maximum temperature values
(Haylock et al. 2008) are employed for the verification of reanalyses based NHD in Fig. S1. For
the normalization of the precipitation data with the gamma distribution that is needed to compute
the SPI, the goodness of fit was tested using the critical values of the Kolmogorov-Smirnov test.
All analyses have only been performed when the goodness of fit test was significant at the
5%-level. SPI and NHD data were linearly interpolated on a 1◦x1◦ resolution. All maps have
been smoothed with a boxcar filter of width 10 (width 3 for Fig. S2) to enhance readability. The
significance of the correlations have been estimated with a t-Test (90%-level) and have not been
smoothed.
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Auxiliary figures

Fig. S1. Correlation of monthly NHD from ERA-Interim (A), CFSR (B) and MERRA (C)

reanalyses and E-Obs temperature dataset over 1979-2010.
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Fig. S2. Number of dataset combinations with significant correlations between NHD at the

hottest month of each year and preceding 3-month SPI. All possible dataset combinations

have been considered (9 in total). Areas with a low availability of data (less than 7 dataset

combinations) are hatched. This map has been smoothed with a boxcar filter of width 3.

A B

Fig. S3. Correlation of NHD in three months around hottest month and 3-month SPI at the first

of the three months (A), and correlation of exceedance temperature (temperature minus 90th

percentile temperature) at the hottest month with preceding 3-month SPI (B). The employed

datasets are ERA-Interim for NHD and exceedance temperature, and CRU for SPI.
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A B

C

Fig. S4. Hot day occurrence probability after dry versus wet conditions. Occurrence probability

for a number of hot days of more than 150% of average in the respective hottest month of each

year following low 3-month SPI values (dry conditions, A) and high 3-month SPI values (wet

conditions, B), and difference between the two (C). Values are given in percentage of years

with above average NHD from total number of low and high SPI years, respectively. Values that

are based on a composite of less than 4 years are not shown (white areas). The employed

datasets are ERA-Interim for NHD and CRU for SPI.
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Scatterplot SPI CRU and ERA-Interim (Texas)
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Fig. S5. Scatterplot of SPI from CRU against ERA-Interim, averaged over Texas region (see

Fig.6.1B) for 1979-2009 hottest month values. The reference period for CRU SPI is 1950-2009

and for ERA-Interim SPI 1979-2011.
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7
Conclusions and outlook

This chapter provides an extended summary of each chapter of the thesis and
redraws the main conclusions. It further presents a discussion of the results.
Future plans and possible activities are introduced.
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7.1 Summary and conclusions

Land evapotranspiration and soil moisture are important components in the hydrological
cycle. They influence the global climate system in various ways, as described in
Chapter 1. In this thesis, a large collection of datasets, which are introduced in
Chapter 2 and which represent evaporation, surface or soil water information and
precipitation, has been employed to study the interactions between the land surface
and the atmosphere as well as long-term variations in the global and regional water
cycles.

In the first part of the thesis, the main focus is on the evaluation and analysis of several
of these datasets, in particular a dataset of new diagnostic estimates of terrestrial water
storage (TWS) variations as well as 30 evapotranspiration (ET) datasets based on
observations and 11 simulations from global climate models. The focus of the last
two chapters of the thesis is on multi-annual variations in the hydrological cycle and
feedbacks between the land-surface and the atmosphere, in particular droughts and
temperature extremes.

Chapter 3
The combined atmospheric and terrestrial water balance approach allows to accurately
estimate variations in TWS changes. The new diagnostic TWS dataset presented is
based on ERA-Interim reanalysis data for the atmospheric fields and observed stream
flow for the terrestrial fields (maximum temporal coverage 1989-2008). It has been
derived for 29 river basins, ranging from 36’000 to 2’860’000km2. The dataset is also
referred to as basin-scale water-balance (BSWB) dataset.

Uncertainty estimates for these TWS estimates are presented. The first approach
adds the uncertainty in stream flow, which is assumed to be constant (10%), to the
uncertainty of the moisture convergence fields. This uncertainty is either estimated
from the differences of the moisture convergence fields from ERA-Interim and ERA-40,
or between the ERA-Interim reanalysis and forecast. The difference between reanalysis
and forecast is also referred to as analysis increments. In the second approach, the
uncertainties in TWS are derived from the long-term differences (imbalances) between
the ERA-Interim moisture convergence and stream flow. The reason underlying this
approach is that in the long term, the water input to a basin should be balanced by
the water output, i. e. the storage remains constant. Since the changes in total column
water vapour are negligible for long-term means, the water input is defined through the
moisture convergence. The respective measures are divided through the amplitude
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(absolute difference of maximum and minimum TWS values within the mean seasonal
cycle) in order to obtain relative values.

The analyses of the ERA-Interim-derived BSWB TWS dataset reveal a relative
uncertainty of about 4-6% in the largest river basins under study. The main source
of uncertainty stems from the moisture convergence, which accounts, depending on
the approach, for 80% of the total TWS uncertainty in 16 (ERA-Interim - ERA-40) or 10
(ERA-Interim reanalysis - forecast) out of the 24 basins considered for these analyses.
We find generally higher uncertainties when estimating the moisture convergence
uncertainty from ERA-Interim minus ERA-40 differences compared to ERA-Interim
reanalysis minus forecast, and hypothesize that this indicates an overestimation of the
uncertainties in cases where improvements can be expected from ERA-40 to ERA-
Interim. The uncertainty estimation from imbalances leads to lower values in nearly all
of the river basins.

A validation of the BSWB TWS dataset with in-situ observations in the Ob basin and
Illinois reveal high correlations. A comparison with an earlier ERA-40-derived BSWB
dataset (Hirschi et al. 2006a) in these two regions show slightly better performance of
the presented dataset based on ERA-Interim fields.

The dataset is further compared to retrievals from the Gravity Recovery And Climate
Experiment (GRACE, total TWS), scatterometer data (upper 10cm soil water index)
from the European Remote Sensing (ERS) satellites, and Global Soil Wetness Project
(GSWP) data (column soil moisture, snow-water equivalent, surface liquid water
storage and canopy interception). The ERA-Interim-derived BSWB dataset shows
highly significant correlations with GSWP output in most river basins. The GRACE
retrievals compare less well, with significant correlations in only 10 out of 22 basins,
which might be due to the coarse resolution of GRACE data. The agreement between
the BSWB and ERS data is good even though the latter does not include ground and
surface water.

Chapter 4
This chapter aims at analyzing several global multi-year ET datasets. The study was
conducted in the framework of the LandFlux-EVAL initiative. The uncertainties in the
estimation of ET are assessed. Instead of a direct validation at ET measurement sites,
which has its own drawbacks (e. g. due to the spatial representation), the datasets are
grouped into different categories and analyzed by comparing the differences between
these categories.

The observations-based datasets are grouped into three categories, 1) the diagnostic
estimates, where observational data from various sources (e. g. remote sensing
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estimates, ground observations) are combined to derive ET estimates using simple
algorithms; 2) land-surface model (LSM) output (driven with observations-based
forcing); and 3) ET from atmospheric reanalyses.

In addition, simulations from global climate models from the IPCC AR4 are evaluated
with the observations-based estimates. Uncertainties in the ET datasets are estimated
from the spread within each of these categories (interquartile ranges for global maps,
spreads for several large river basins across the world). The consistency of spatial
patterns is analyzed with a cluster analysis. To investigate the role of climate forcing
for the resulting uncertainties, ET from several LSMs which use common forcing data
is analyzed.

The analyses show a general good agreement of the datasets from the different
categories. The global averages of 1.59 +/-0.19 mm/d (46 +/-5 W m−2) are close to
the reanalyses estimates given in Trenberth et al. (2009). Comparing these global
averages between the different categories, the IPCC AR4 simulations exhibit the
smallest standard deviations. In semi-arid regions, where ET is largely dependent
on water availability, IPCC AR4 simulations show larger uncertainty ranges than the
reference datasets, i. e. the diagnostic datasets, LSMs and reanalyses.

From the chosen river basins, Amazon, Mississippi, Central European basins, Volga,
Changjiang, Nile and Murray-Darling, the intra-category differences are largest in the
Amazon basin, which is characterized by high ET rates. The comparison between the
dataset categories shows that overall, spreads are similar, but not in all river basins.

The cluster analysis reveals that LSMs driven with common forcing data show the
highest congruence of their spatial ET patterns. Thus, forcing data is found to
have a strong influence on the resulting ET estimates. The major constraints of the
validation of ET products is the lack of large-scale in-situ validation data as well as the
interdependence of several ET datasets which may share common biases.

Chapter 5
An extension of the analyses from Chapter 4 is presented here. Several ET datasets
participating in the LandFlux-EVAL initiative as well as one additional diagnostic dataset
and simulations from LSMs are evaluated. These analyses aim at assessing causes for
major differences between the datasets. Furthermore, inter-annual variations (trends)
from ET datasets and their respective precipitation forcing are studied. The ET datasets
are also used for the creation of a merged dataset, which is then included in all
analyses.
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Since a strong influence of forcing data was suggested in the previous study (Chapter 4
and Mueller et al. 2011b), we additionally analyze ET from model simulations from two
different project, WaterMIP, where we include 5 global hydrological models (GHMs) and
5 LSMs driven by the same forcing, as well as GSWP sensitivity runs, where the same
model was used in simulations with different precipitation forcing. The global patterns
of multi-annual ET from these different simulations exhibit strong similarities in all the
GSWP models with the same forcing, except for one model (COLA). The WaterMIP
models, on the other hand, can be separated into two main groups. The explanation
for the large differences between the WaterMIP models is difficult. However, generally
speaking, the WaterMIP models differ more from each other in their structure than the
GSWP models, because, e. g., the former include both GHMs and LSMs or employ
different forcing variables in their ET estimation. The GSWP sensitivity runs also show
strong similarities between each other in their global patterns. Comparing the spread
in ET averaged over climate regions (Koeppen-Geiger classification), we find that the
variations are even larger within the GSWP simulations driven by the same forcing than
within the sensitivity runs. We conclude that both model structure and forcing data have
a strong influence on the resulting ET.

Temporal analyses confirm a negative trend change as suggested by Jung et al. (2010),
i. e. we find that the eight diagnostic datasets and LSMs studied exhibit, on average, a
global trend decline of 13.7 km3 per year2 in 1998-2005 as compared to 1989-1997. The
’cessation’ of the global land ET trend can be assigned to water-limited regions of the
Southern Hemisphere. This decline in trend is also found in precipitation data. However,
an inspection of the time series in these regions does not show a clear increasing or
decreasing trend, but rather a peak in ET and precipitation in 2000. Moreover, water-
limited regions in the Northern Hemisphere, which share the same evaporation regime
as those responsible for the diagnosed trend in the Southern Hemisphere, do not exhibit
a change in ET or precipitation trend. Thus, this does not directly support the hypothesis
that the diagnosed trend could be a possible indication of a long-term tendency in the
climate system that is generally applicable to water-limited regions. Further analyses of
independently derived ET products and a comparison of these trends to other variables
would help address remaining questions.

Chapter 6
Warm temperature extremes are increasing with a warming climate in large parts of the
world. The ability to predict the occurrence of hot extremes would help mitigating their
negative impacts. Since warm temperature events have been shown to be associated
with preceding drought conditions in some regions, we examine in this chapter the
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relation of precipitation deficits, taken as a surrogate for surface moisture deficits, with
following hot day occurrence at the global scale.

We find that the occurrence probability of an above-average number of hot days in the
respective hottest month lies between 60 and 80% after precipitation deficits in most
of the Americas, southern Europe and Australia. We also study the correlations of
precipitation deficits with the number of hot days and define regions of strong land-
atmosphere coupling in the hottest month of the year. These regions, which are
promising for predicting hot day occurrence with surface moisture information, span
wide areas of the globe. They correspond well with such regions identified in other
recent publications (Dirmeyer 2011, Koster et al. 2004). However, our present analysis
identifies a large number of additional regions, mostly in the Tropics and Southern
Hemisphere.

A quantile regression analysis reveals that the high tails of the hot days distribution
are more strongly influenced by soil water deficits than the low tails, consistent with
previous analyses limited to Southeastern Europe (Hirschi et al. 2011). The impact is
asymmetrical for dry versus wet conditions, which is also demonstrated at the example
of Texas, which experienced an extreme drought and heat wave in 2011.

In addition to revealing areas where soil moisture information have a potential for hot
day early warning, the study compares the use of 3-, 6- and 9-monthly SPI values for
this purpose. The regions with high correlations agree in all datasets, but the 3-monthly
SPI exhibits the highest correlations with the number of hot days, and is thus - with
the current state of available datasets - most appropriate for use for hot days prediction
studies.

7.2 Current limitations and outlook

The ECMWF reanalysis ERA-Interim can be used to derive accurate atmospheric-
terrestrial BSWB estimates of TWS changes. However, the BSWB approach has
several limitations: The data are only valid at the large scale, and can only be derived in
regions, where river discharge measurements are available. Further, a filter is applied
to the data, which corrects for the long-term (here 5 year) drift between the moisture
convergence and runoff data. In some cases, especially when human water withdrawal
plays a role, TWS over 5 years could be diminished, and thus trends may entail a
realistic component. However, this cannot be detected with our method. Overall,
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because of the necessity for detrending, long-term trends in hydrology cannot be
assessed from BSWB estimates, which is a significant limitation for several applications.

The successful application of the ERA-Interim reanalysis to diagnose TWS changes
allows the derivation of these estimates in near real time. The main drawback in the
real-time estimation of TWS is again the lack of discharge measurements in many
regions. In order to keep the BSWB dataset as up-to-date as possible, it would be
desirable to collaborate with discharge stations in large river basins. Furthermore, the
uncertainty estimates of the BSWB TWS estimates could be substantially improved
if the uncertainties in atmospheric reanalysis fields (moisture convergence) were
provided from the data centers. As long as these uncertainties are not available, a
next step could be to inter-compare moisture convergence from different atmospheric
reanalyses, such as from MERRA or CFSR. A further approach to estimate the
uncertainties based on validation with in-situ measurements would be interesting.

This thesis has presented analyses of currently available ET datasets. The spread
between the different types of datasets was similar, but IPCC AR4 simulations
exhibit a smaller inter-model spread than other categories. This suggests that
the IPCC models do not cover the whole range of uncertainty. A more detailed
analysis, taking into account the different surface-parametrizations within the IPCC
simulations, could provide further information of the uncertainties for hydrological
variables, which is important for climate predictions. In order to reduce the influence of
the interdependence of the datasets (not only for IPCC models, but also for diagnostic
datasets and LSMs), including additional, independently derived datasets might further
improve the estimation of uncertainties.

Even though all LandFlux-EVAL and precipitation datasets agree on a decreasing trend
after 1998 both globally and for Southern Hemisphere arid regions, this result has to
be considered with caution. First, the time series are very short for trend analyses.
This issue will hopefully be solved when new diagnostic ET datasets are available over
longer time periods. Second, precipitation trends are not considered reliable due to
changes in the observing system. Spurious trends are likely to influence ET trends.
Third, the trends of both 1989-1997 and 1998-2005 could be an artifact of the very high
precipitation and ET values in the Southern Hemisphere arid regions in the year 2000.

We have further shown that many areas of the world entail a potential to predict hot day
occurrences from soil water information. Early warning of heat waves and hot extremes
would help in taking necessary measures to reduce the loss of lives often associated
with severe heat waves, such as was the case during the 2003 heat wave in France.
For this purpos, hot days should be defined based on the apparent temperature instead
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of the air temperature alone. The percepted temperature by humans differs from the air
temperature mainly because a high humidity reduces the effectiveness of evaporative
cooling (perspiration) significantly. Similar to land evaporation, perspiration can also be
enhanced with increased wind speed, which could also be taken into account for the
definition of hot days when the focus is on reducing their negative impacts. However,
defining heat days solely on temperature data facilitates the interpretation of the results
in a scientific sense, which was given a higher priority in this study.

Deriving estimates on the predictability of hot extremes from direct surface water
information (i. e. not precipitation based, as in our study) is difficult due to the
limited length of data records. Current efforts to merge different remotely-sensed
soil moisture products at the Institute of Photogrammetry and Remote Sensing,
TU Vienna, and at the Department of Hydrology and Geo-environmental Sciences,
University of Amsterdam (VUA), should yield a dataset for the period 1979-2009
soon. Active (AMSR-E) and passive (ASCAT) retrieval methods are complementary
(the active method performs better over dense vegetation, while the passive method
performs better over dry regions), and the merging through error characterization (triple
collocation error) and novel assimilation methods should ensure a high quality of the
merged product. First studies in this direction have shown promising results (Liu et al.
2011). Once such a dataset is available, a fair comparison between the usage of
precipitation deficits (3-monthly SPI) and the soil water index from remote sensing data
will be possible.

In conclusion, this thesis has investigated several avenues for assessing global
hydrology from observations-based datasets, drawing first conclusions on variability
and trends in continental hydrology, and on the suitability of existing datasets for
such evaluations. It has shown that significant uncertainties remain in this field,
although substantial progress has been reached in recent years. Promising follow-
up investigations could focus on the identification of causes for uncertainties in current
hydrological datasets, as well as on the development of applications such as those
related to seasonal forecasting.
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