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Prof. Dr. Bart van den Hurk, co-examiner

2009





Abstract

Processes acting at the interface between land surface and the atmosphere are of key relevance
for the European summer climate, particularly during climatic extreme years. They play a
major role for several feedback processes. Moreover, such processes are directly influencing
society and life on Earth. Since it is expected that with climate change, land-atmosphere inter-
actions will be strengthened on the European continent in future, a detailed understanding of
the contributing factors and the involved physical processes is crucial.

This thesis aims at investigating the European summer climate and its relation to inter-
actions taking place at the land surface. Emphasis is set on processes involving soil mois-
ture (SM), their influence on the mean climate as well as on extreme climate events, and on
their representation in state-of-the-art climate models.The employed approach is based on nu-
merical sensitivity experiments performed with the regional climate model (RCM) CLM and
high-quality observations for model validation. Since theCLM had never been used for such
applications previous to this thesis, the thorough validation of the model with regard to the
relevant physical processes and feedbacks is an integral part of it.

A first part of this thesis (Chapters 2 and 3) investigates theaccuracy of the CLM model
in representing the European summer climate (mean and variability). To this aim, the focus is
first set on the validation of the mean climate using long-term CLM simulations with perfect
boundary conditions (ERA40 reanalysis from ECMWF). We provide a thorough validation of
temperature, precipitation, net radiation, cloud cover, circulation, evaporation and terrestrial
water storage (Chapter 2). While CLM simulations with the version 2.4 used for the multi-
model EU-project ENSEMBLES are too dry in summer but still within the typical error of
the previous multi-model EU-project PRUDENCE, the more recent CLM version (4.0) has an
anomalous cold and wet bias. This is partly due to a strong underestimation of the net radi-
ation associated with cloud cover overestimation. Since itis found that the higher horizontal
model resolution and the spectral nudging for the large-scale circulation do not substantially
improve the model performance, the CLM setup used in the remainder of this thesis consists
of the CLM version 2.4 without spectral nudging and with the lower resolution (0.44◦ rather
than0.22◦). In a second step the focus of the model validation is set on the representation
of surface processes and land-atmosphere interactions in this CLM setup, using micromete-
orological observations from the global FLUXNET network (Chapter 3). The results reveal
that overall land-atmosphere coupling characteristics are consistent between the CLM and the
observations. In contrast to Central and Northern Europe where the large-scale circulation pri-
marily determines the local climate, the Southern Europeannet radiation, latent and sensible
heat fluxes are realistically coupled to the regional climate as can be seen from correlations
with SM, relative humidity or cloud cover. Nonetheless, theanalysis also allows to identify
specific weaknesses of CLM such as an underestimation of the incoming surface shortwave
radiation due to cloud cover overestimation, leading to an underestimation of the sensible heat
flux and, consequently, a too cold, moist and shallow planetary boundary layer. Furthermore, in
that study, the performance of CLM is also compared with thatof its driving dataset (ECMWF
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operational analysis) and with RCM simulations of the Inter-Continental Transferability Study
(ICTS). Overall, the validation reveals that the CLM version 2.4 with0.44◦ horizontal resolu-
tion is appropriate for the modeling of the European summer climate and comparable to other
state-of-the-art RCMs. The applied process-based validation also demonstrates the utility of
FLUXNET observations for diagnosing biases in land-atmosphere exchanges and interactions
in current climate models.

In a second part of this thesis (Chapters 4 and 5), the validated CLM setup is used to perform
a set of sensitivity experiments, aiming at quantifying thecontribution of land-atmosphere
coupling for aspects of the European summer climate. In these experiments, the role of SM is
investigated, with a focus on its impact on daily maximum temperature and daily precipitation
extremes and trends. The set of experiments consists of a control simulation with interactive
SM, and sensitivity experiments with prescribed SM. In Chapter 4, a thorough evaluation of
these experiments is provided, which considers the impact of SM for different measures of
extremes as well as for trends, both for temperature and precipitation. The mean summer
climate is affected by changes in the amplitude of SM, with a strong SM-temperature coupling
and a positive SM-precipitation feedback. Moreover, the analysis identifies that SM-climate
interactions have significant effects on daily maximum temperature as well as partly also on
daily precipitation extremes. Case studies of selected major summer heat waves reveal that
the intraseasonal and interannual variability of SM account respectively for5 − 30% and10 −
40% of the simulated heat wave anomaly in the CLM model. On the contrary, for extreme
precipitation events, only the wet-day frequency is changed in the experiments with prescribed
SM, whereas the precipitation characteristics on rainy days remain unaltered. Trends in daily
maximum temperature and daily precipitation (extremes), follow the ’global-dimming global-
brightening’ trends. In CLM, the trends are mostly due to trends in clouds, whereas SM acts as
an amplifier. Trends in climate extremes projected in current climate-change scenarios for the
21st century, such as an increase in temperature over the whole European continent, as well as a
Southern European decrease and Northern European increasein precipitation extremes, appear
consistent with simulated trends for the past decades in CLM, and seem to be at least partly
linked to SM trends in the simulations. A second study (Chapter 5) specifically focuses on the
role of SM for heat wave persistence based on the model simulations with prescribed SM. Using
two different types of heat wave duration indices, the influence on changes in heat waves due
to changes in the distribution of daily maximum temperatureand in the persistence of extreme
temperatures can be disentangled. The latter is reduced in the experiments with prescribed
SM (even in a dry experiment). This can be understood by a decrease in the atmospheric
autocorrelation due to a decrease in the SM memory, which highlights the key role of SM
memory for the persistence of heat wave events.

In summary, this thesis has shown that CLM is an appropriate RCM for the investigation of
the European summer climate and in particular of the role of land-atmosphere interactions in
this region. Processes involving SM were found to be highly important for European tempera-
ture and precipitation (extremes) and for trends thereof, which also points to a strong relevance
in the future climate.
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Zusammenfassung

Prozesse, die sich an der Schnittstelle zwischen der Landoberfläche und der Atmosphäre ab-
spielen, sind von zentraler Bedeutung für das europäische Sommerklima, besonders während
klimatisch extremen Jahren. Sie spielen eine wichtige Rolle für verschiedene Feedbackprozes-
se. Zudem haben solche Prozesse eine hohe gesellschaftliche, ökonomische und ökologische
Relevanz. Ein genaues Verständnis der wichtigsten Faktoren und der involvierten Prozes-
se ist entscheidend, da man davon ausgeht, dass mit dem Klimawandel Land-Atmosphären-
Wechselwirkungen in Europa in Zukunft stärker werden.

Ziel dieser Arbeit ist, das europäische Sommerklima und dessen Verbindung mit Land-
Atmosphären-Wechselwirkungen zu untersuchen. Das Schwergewicht liegt dabei auf Prozes-
sen, welche durch die Bodenfeuchte beeinflusst werden, deren Einfluss auf das mittlere Kli-
ma wie auch auf Extremereignissen und deren Darstellung in neuesten Klimamodellen. Dazu
werden numerische Sensitivitätsstudien mit dem regionalen Klimamodell (RCM) CLM durch-
geführt und qualitativ hochwertige Beobachtungsdaten f¨ur die Modellvalidation verwendet. Da
das CLM zuvor nie für solche Zwecke verwendet worden ist, stellt die gründliche Validierung
des Modells in Bezug auf die relevanten physikalischen Prozesse und Feedbacks einen zentra-
len Bestandteil dieser Arbeit dar.

Ein erster Teil der Arbeit (Kapitel 2 und 3) untersucht, wie gut das CLM Modell das eu-
ropäische Sommerklima (mittleres Klima und Variabilität) repräsentiert. Der Fokus liegt dabei
zunächst auf der Validierung des mittleren Klimas. Dazu werden Langzeit-Simulationen ver-
wendet, angetrieben durch ’perfekte’ Randbedingungen (ERA40 Reanalysedaten vom ECM-
WF). Die Validierung beinhaltet Temperatur, Niederschlag, Nettostrahlung, Bewölkungsgrad,
Zirkulation, Verdunstung und terrestrische Wasserspeicherung (Kapitel 2). Simulationen mit
der CLM Version 2.4, welche für das Multimodell EU-ProjektENSEMBLES durchgeführt
wurden, sind im Sommer zu warm und trocken. Die Abweichungenbewegen sich aber im
Rahmen der Fehler der Simulationen vom Vorgängerprojekt PRUDENCE. Version 4.0 hinge-
gen zeigt zu kalte und feuchte Sommerwerte. Die Abweichungen stammen teilweise von einer
starken Unterschätzung der Nettostrahlung aufgrund einer Bewölkungsüberschätzung. Da eine
erhöhte horizontale Modellauflösung und das spektrale Nudging für die großskalige Zirkulation
die Modellgenauigkeit nicht wesentlich verbessern, besteht das CLM setup für den restlichen
Teil dieser Arbeit aus der Version 2.4 ohne spektrales Nudging mit der niedrigeren Auflösung
(0.44◦ statt0.22◦). In Kapitel 3 werden Landoberflächenprozesse und -wechselwirkungen im
verwendeten CLM setup untersucht und mit Hilfe von mikrometeorologischen Messdaten des
globalen FLUXNET Projektes evaluiert. Es zeigt sich, dass die meisten Charkteristika der
Land-Atmosphärenkopplung konsistent sind zwischen dem CLM und den Beobachtungen. Im
Gegensatz zu Zentral- und Nordeuropa, wo primär die großskalige Zirkulation das lokale Klima
bestimmt, sind in Südeuropa die Nettostrahlung und die latenten und sensiblen Wärmeflüsse
realistisch an das regionale Klima gekoppelt. Dies zeigt sich durch Korrelationsrechnungen mit
Bodenfeuchte, relativer Feuchte oder dem Bewölkungsgrad. Zudem ermöglicht diese Analyse
auch Schwachstellen im CLM Modell aufzudecken, wie zum Beispiel die Unterschätzung der
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eintreffenden kurzwelligen Strahlung aufgrund einerÜberschätzung des Bewölkungsgrades.
Dies führt zu einer Unterschätzung des sensiblen Wärmeflusses, wie auch zu einer zu kalten,
zu feuchten und zu dünnen atmosphärischen Grenzschicht.Darüber hinaus wird in dieser Stu-
die das CLM auch mit dem antreibenden Modell (operationelleAnalyse vom ECMWF) und
mit RCM Simulationen des ICTS Projektes verglichen. Insgesamt zeigt die Validation, dass die
CLM Version 2.4 mit0.44◦ horizontaler Auflösung geeignet ist, um das europäische Sommer-
klima zu modellieren. Dabei ist die Simulationsqualität vergleichbar mit anderen modernen
RCMs. Die verwendete prozessbasierte Validation zeigt denNutzen von FLUXNET Beob-
achtungen, um Fehler in Land-Atmosphären-Austausch und -Wechselwirkungen in heutigen
Klimamodellen zu diagnostizieren.

In einem zweiten Teil dieser Arbeit (Kapitel 4 und 5) wird dasvalidierte CLM se-
tup verwendet, um Sensitivitätsstudien durchzuführen mit dem Ziel, den Beitrag der Land-
Atmosphärenkopplung für das europäische Sommerklima zu quantifizieren. In diesen Expe-
rimenten wird die Rolle der Bodenfeuchte für Extremwerte und Trends in den Tagesma-
ximaltemperaturen und in den Tagesniederschlägen untersucht. Die Experimente bestehen
aus einem Kontrolllauf mit interaktiver Bodenfeuchte und aus Sensitivitätsexperimenten mit
vorgeschriebener Bodenfeuchte. Kapitel 4 zeigt eine detailiertere Auswertung der Sensiti-
vitätsexperimente, mit einer Analyse des Beitrages von Bodenfeuchte für Temperatur- und Nie-
derschlagsextremereignisse und -trends. Das mittlere Sommerklima wird durchÄnderungen in
der Amplitude der Bodenfeuchte deutlich beeinflusst. Es zeigt sich eine starke Bodenfeuchte-
Temperatur-Kopplung und ein positives Bodenfeuchte-Niederschlagsfeedback. Zudem scheint
es, dass Bodenfeuchte-Klima-Wechselwirkungen einen signifikanten Effekt auf Temperatur-
und teilweise auch auf Niederschlagsextremereignisse haben. Fallstudien einzelner Hitzewel-
len zeigen, dass die intrasaisonale Variabilität der Bodenfeuchte für5 − 30% und die interan-
nuelle Variabilität für10 − 40% der simulierten Hitzewellenanomalie im Modell verantwort-
lich sind. Im Falle des Niederschlags wird hingegen im wesentlichen nur die Häufigkeit nicht
aber die stärke der Regentage durch Bodenfeuchte beeinflusst. Die Trends in (Extremwerten
von) Temperatur und Niederschlag folgen den ’global-dimming global-brightening’ Trends.
Im CLM werden diese Trends vor allem durch Trends in der Bewölkung hervorgerufen, wobei
die Bodenfeuchte verstärkend wirkt. Für das 21.Jahrhundert werden eine Zunahme von Tem-
peraturextremen für ganz Europa und eine Zunahme (Abnahme) von Niederschlagsextremen
für Nordeuropa (Südeuropa) vorausgesagt. Diese Trends lassen sich ansatzweise bereits in den
CLM Simulationen für die vergangenen Jahrzehnte erkennen. Sie scheinen zudem zumindest
teilweise mit Bodenfeuchtetrends zusammenzuhängen. Eine zweite Studie (Kapitel 5) unter-
sucht die Rolle von Bodenfeuchte für die Persistenz von Hitzewellen. DieÄnderung in den
Hitzewellen zwischen zwei Simulationen kann mit Hilfe von zwei verschiedenen Hitzewellen-
indizes aufgetrennt werden in einen Beitrag wegen einerÄnderung in der Temperaturverteilung
und wegen einer̈Anderung in der atmosphärischen Persistenz. Letztere istverringert in den Ex-
perimenten mit vorgeschriebener Bodenfeuchte (sogar in einem trockenen Experiment). Dies
lässt sich durch eine Abnahme in der atmosphärischen Autokorrelation infolge einer Abnahme
im Bodenfeuchtegedächtnis erklären.

Zusammenfassend zeigt diese Arbeit, dass das CLM ein geeignetes Modell ist, um das eu-
ropäische Sommerklima und speziell Land-Atmosphären-Wechselwirkungen zu untersuchen.
Die Bodenfeuchteverhältnisse scheinen sehr wichtig zu sein für Temperatur- und Niederschlag-
sextremwerte und -trends in Europa. Dies deutet auch auf eine starke Relevanz der Bodenfeuch-
te für das zukünftige Klima hin.
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Chapter 1

Introduction

...We run ensembles for weather forecasting and climate scenarios,
talk about the complexities of cloud feedback and publish papers,
and forward the results to the public
and those in power to address questions of pressing political importance.
But, we have to do much better−
we must understand how well the models represent physical processes and feedbacks...
(Alan K. Betts, 2004)

The climate system as a whole is highly complex and non-linear. We can either use simple
models based on rough approximations to gain understanding, or face the problem of modeling
the full system with all its uncertainties. However, hydrometeorology that deals with the en-
ergy and water balance over land, is too complex and too important to be satisfied with a simple
representation. Extreme weather events, such as heat wavesand floods, are examples, and their
projected future increase is of particular concern for society. Only sophisticated models allow
us to realistically describe such events and their complex interactions with several processes
within the climate system. However, what finally matters to society is not, for example, the
dynamical or microphysical processes involved in heat waves and floods, but rather they want
to be warned beforehand to be prepared or to adapt to possiblefuture changes. Only in a mod-
eling framework can we try to both fit the parts together, and then take them apart again to see
what matters, and where [Betts, 2004].

Ever since climate models exist, the assessment of climate extremes has been of interest
for the climate community [e.g.Wilson and Mitchell, 1987]. However, with the projected
climate change and associated increase in extreme events, this interest has even intensified in
recent years. The relevant physical mechanisms potentially contributing to changes in Euro-
pean summer climate extremes are determined to be due to circulation and pressure distribution
changes associated with increasing greenhouse gases [Pal et al., 2004], slowly varying North
Atlantic ocean oscillations [Sutton and Hodson, 2005] as well as slowly varying changes in
terrestrial soil moisture (SM) content and associated land-atmosphere coupling [Seneviratne et
al., 2006b]. A recent paper byFischer et al.[2007a] shows that there is a significant impact of
SM variations on European heat waves already in the 20th century. The focus of this thesis is
solely on the impact of land-atmosphere coupling on currentsummer climate extremes for the
European continent.

In the following, the focus is first set on current and projected trends in climate extremes in
Section 1.1. Then, in Section 1.2, possible contributing physical processes are discussed, fol-
lowed by an overview of the possibility to model the Europeansummer climate using regional

1
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climate models (Section 1.3). Finally, the overall aims andthe different chapters of this thesis
are outlined in Section 1.4.

1.1 Climate Extremes: Current and Projected Trends

Severe temperature and precipitation changes in the mean aswell as in the variability are ex-
pected for the future European summer climate [IPCC, 2007, and references therein]. Associ-
ated with changes in variability, climate scenarios project major changes in both temperature
[e.g. Scḧar et al., 2004;Kjellström et al., 2007], as well as in precipitation extremes [Chris-
tensen and Christensen, 2003;Frei et al., 2006]. To some extend this can already be observed
for the current climate [e.g.Klein Tank and K̈onnen, 2003;Alexander et al., 2006;Della-Marta
et al., 2007a]. As shown for instance by the 2003 heat wave, climateextremes can have a large
societal, economical and ecological impact [Larsen2003;Heck et al., 2004;Ciais et al., 2005].
The need for a detailed understanding of the contributing key processes and feedbacks is thus
obvious.

However, only a few studies are explicitely looking at the role of soil moisture - climate
interactions for extremes. In the study ofPal and Eltahir[2002] for instance, the 1993 summer
flood event over the midwest of the United States was investigated, and the soil moisture state
of the surrounding areas was found to be crucial for the floods’ intensity and persistence. A
previous study byBeljaars et al. [1996] also illustrated the impact of land surface processes
for the simulation of this event. BothDurre et al. [2000] andBrabson et al. [2005] link
the increase in extreme daily maximum temperatures to low soil moisture conditions. Finally,
Fischer et al.[2007a] quantified the contribution of land-atmosphere coupling to recent major
European heat waves as 50-80% (see Fig. 1.1). However, none of these studies systematically
assesses the impact of SM for climate extremes (both temperature and precipitation) over the
entire European continent for a long-term period.

1.2 Contributing Physical Processes

This section discusses the key processes contributing to summertime temperature and precip-
itation extremes in mid-latitudes. According to the focus of this thesis, emphasis is primarily
set on the role of land-atmosphere interactions for extremeevents. Therefore, the important
role of the water and energy balances at the land surface is first briefly reviewed. At the end of
this section, some comments on possible other contributingprocesses are addressed.

1.2.1 Water and Energy Balances at the Land Surface

The water balance at the land surface for a given soil layer can be expressed by:

∂S

∂t
= P − E − Rs − Rg, (1.1)

where∂S/∂t is the change of water content within the given layer,P the precipitation,
E the evapotranspiration,Rs the surface andRg the subsurface runoff, respectively (see Fig.
1.2 right panel). The only source term in this equation is theprecipitation, which is either
evaporated from the interception storage, or directly falls onto the ground. In the latter case, it
can be directly evaporated (bare soil evaporation), extracted and transpired by vegetation, go
into surface runoff, or infiltrate through the soil and percolate to the ground water storage. The
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Figure 1.1: Number of hot days during the summer 2003 heat wave as modeledby the CHRM regional
climate model. Left panel displays a simulation with land-atmosphere coupling, right panel without
(after Fischer et al. [2007a]).

Figure 1.2: Schematic of the land energy balance (left) and land water balance (right) for a given
surface soil layer (after Seneviratne et al. [2009]). For explanations of the abbreviations, see Section
1.2.1.
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infiltrated water will be either stored in the soil (soil moisture), or it goes into subsurface runoff.
The evapotranspiration is the sum of evaporation from the bare soil and from the interception
layer, and of the transpiration from plants, which is strongly depending on the soil moisture
content and/or the incoming radiation.

The energy balance at the land surface is determined by the incoming solar radiation. Part
of it is reflected and absorbed by the atmosphere, whereas therest reaches the Earth’s surface
(SWdown, see Fig. 1.2 left panel). Depending on the surface albedo (α) the incoming radiation
is partly reflected back to the atmosphere (SWup = (1 − α)SWdown). The absorbed energy
at the Earth’s surface is either returned back to the atmosphere as latent heat (LE, whereL
is the latent heat of vaporization andE denotes the evapotranspiration), as sensible heat (H),
or as outgoing surface longwave radiation (LWup), while the rest goes into ground heat flux
(G). Parts of the outgoing energy is emitted back to Earth by theatmosphere (LWdown). The
resulting energy balance for a given soil layer at the Earth’s surface can be expressed by:

∂Q

∂t
= Rnet − H − LE − G where (1.2)

Rnet = SWdown − SWup + LWdown − LWup, (1.3)

where∂Q/∂t denotes the change of energy content within the given layer.From Eq. (1.1)
and (1.2), one can see that the water and the energy balances at the Earth’s surface are coupled
through the evapotranspiration term (E). Since the flux ofE is both an energy and water flux,
soil moisture is both and energy and water storage [e.g.Seneviratne et al., 2009]. Hence,
similar to the oceans that can store heat and thus add persistence (’memory’) to the climate
system, SM is an important quantity over land that affects the atmospheric persistence with
potential for seasonal forecasting [Koster et al., 2000, 2004b;Conil et al., 2007, 2009].

1.2.2 Soil Moisture - Climate Interactions and Feedbacks

In the highly complex and non-linear climate system there are several positive and negative
two-way feedbacks and one-way causal relationships between its different components. The
impact of SM on climate is mainly given by the role of SM forE. Changes in SM signifi-
cantly alter the partitioning of the incoming surface energy into LE andH, and consequently
boundary-layer processes (see Fig. 1.3). This can have strong impacts on the surface tem-
perature as well as on precipitation as discussed in this section. An overview of SM-climate
feedbacks is provided inSeneviratne et al.[2009].

Soil moisture impact on evapotranspiration:
Impacts of soil moisture on climate are mainly driven by its impact on evapotranspiration, but
only where SM is limiting forE. These are generally the transitional climate zones, located
between dry and wet climates [Koster et al., 2004a]. In wet climate zones not SM is a limiting
factor forE but radiation, whereas in dry climates there is too little SMto impactE. How-
ever, in SM limited regimes SM can vary strongly and, hence, may significantly determine the
partitioning of incoming energy intoLE andH. Teuling et al.[2009] have shown that for Eu-
rope SM is only the main controlling factor forE in the Mediterranean and in Eastern Europe,
whereas in Central and Northern EuropeE is rather limited by radiation. This is consistent
with the findings ofSeneviratne et al.[2006b] for IPCC AR4 simulations.
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Figure 1.3: Important interactions between the surface and atmospheric boundary layer. Solid arrows
indicate the direction of positive feedbacks, dashed arrows indicate negative feedbacks (after Ek and
Holtslag [2004]).

Soil moisture - temperature coupling:
In soil moisture limited regimes, SM can vary strongly between very dry and wet conditions.
During dry conditions, most of the available surface energygoes intoH and only a little amount
of it is used for latent cooling, which consequently causes strong temperature anomalies. On
the contrary, if SM is available in ample supply, this results in a strong latent cooling effect due
to enhancedLE. While this mechanism is already important in current climate, as for instance
for the 2003 European heat wave [Fischer et al., 2007a,b], it will be particularly important for
future climate [Seneviratne et al., 2006b]. However, note that the impact of SM on tempera-
ture is particularly strong for the daily maximum temperature (Tmax), whereas daily minimum
temperature (Tmin, night time) is less affected by SM. This then has strong impacts on the di-
urnal temperature range (DTR) as stated inDai et al. [1999] or inZhou et al.[2009] (see also
Chapter 4 of this study).
There are several methods proposed in the literature on how to quantify soil moisture-
temperature interactions, so called coupling diagnostics. Seneviratne et al.[2006b] for in-
stance express the sensitivity of E (and of T2M ) on SM using the correlation ofE and 2m-
temperature (T2M ), ρ(E,T2M ). Negative values ofρ(E,T2M ) are indicative of strong soil
moisture-temperature coupling, whereas positiveρ(E,T2M ) are generally associated with an
atmospheric control onE (see Fig. 1.4 or Chapter 3). Similarly,Koster et al. [2009] in-
directly quantifies the coupling of SM and temperature usingsimple indices based on tem-
perature binned by precipitation. Both diagnostics provide similar spatial patterns of global
coupling strength, with hot spots over e.g. the Southern/Central United States, the Amazon
basin, the area south of the Sahel, India, and finally also forSouthern Europe.

Soil moisture - precipitation coupling:
Similar as for temperature, there is also a feedback of precipitation with soil moisture [Shukla
and Mintz, 1982], which is again mainly driven by its impact on evapotranspiration, but only
where SM is limiting forE. This feedback can be either direct (recycling of precipitation),
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Figure 1.4: Estimation of the soil moisture-temperature coupling based on IPCC GCMs for the sum-
mer period 1970-1989. The coupling estimate corresponds tothe correlation between temperature and
evapotranspiration (after Seneviratne et al. [2006b]).

Figure 1.5: Estimation of the soil moisture-precipitation coupling insummer based on 12 GCMs from
the GLACE project. The insets display the individual coupling strength of each model for the hotspot
regions (after Koster et al. [2004a]).
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where wet soils cause largerE that directly leads to a surplus in precipitation over the same
area, or indirect (amplification of precipitation), where the surplus of precipitation comes from
a remote location and is triggered by a modification of the planetary boundary layer (PBL)
characteristics [Scḧar et al., 1999]. The indirect feedback is thought to be particularlyim-
portant for European summertime convection, and has been mainly explained in two different
ways. A first series of studies that report a positive SM-precipitation feedback, find increased
low-level moist static energy (MSE) over wet soils [Eltahir, 1998;Scḧar et al., 1999;Pal and
Eltahir, 2001]. Wet soils produce lower Bowen ratios (B) and shallower PBLs, and thus higher
MSE per unit of PBL air that provides a source of convective instability. Moreover, wet soils
decrease the level of free convection and, hence, faciliatethe onset of convection. A second
series of studies report a negative feedback between SM and precipitation [Giorgi et al., 1996;
Findell and Eltahir, 2003a,b;Ek and Holtslag, 2004;Hohenegger et al., 2009]. While dry soils
still support higherB and PBL heights, convection is here triggered through strong surface
warming that causes a rapidly growing PBL, until the level offree convection is reached.
There are several coupling diagnostics for quantifying possible feedbacks between SM and
precipitation. The methodology introduced by Alan K. Betts[Betts, 2004;Betts and Viterbo,
2005;Betts et al., 2006;Betts, 2007] uses PBL quantities to diagnose the coupling with SM
(applied in Section 3).Findell and Eltahir [2003a,b] assess the feedback using a measure
for the atmospheric ability to trigger convection, and a measure for the moisture state of the
PBL based on dewpoint depression. In the work ofEk and Holtslag[2004] an equation for
the relative humidity tendency at the PBL top is proposed, which allows to examine the role
of SM and other factors on PBL cloud development.Koster et al. [2000, 2004a, 2006] pro-
pose a measure to quantify SM-precipitation coupling, but it can only be applied to specific
ensembles of climate model data. This is in contrast to the measure ofNotaro[2008] based on
lagged covariances between SM and precipitation (see Fig. 2), though the latter measure can-
not unambiguously detect causal relationships [Orlowsky and Seneviratne, 2009]. The global
maps of hotspots for SM-precipitation coupling derived byKoster et al.[2004a] (see Fig. 1.5)
andNotaro [2008], are very similar to those for SM-temperature coupling [Seneviratne et al.,
2006b] (see Fig. 1.4), which suggests that it is indeed the SMlimitation of E that controls both
mechanisms. Some recent studies assess the atmospheric conditions that must be met to allow
strong coupling of precipitation to SM [Dirmeyer et al., 2009;van den Hurk and Meijgaard,
2009]. They suggest that the following must hold: (1) positive correlation between SM andE,
(2) positive correlation betweenE and SM memory, (3) positive correlation between SM and
precipitation recycling.
While most of the studies mentioned before are modeling studies, only few papers use obser-
vations to assess this feedback [Findell and Eltahir, 1997, 1999;Eltahir, 1998]. This studies
all suffer from temporal and spatial representativeness, due to the lack of reliable long-term,
global measurements of SM. Therefore, some studies are based on past precipitation as a proxy
for SM [e.g. Koster et al., 2003]. Note that finding causal relationships in the usually noisy
data sets of SM and precipitation is hard to tackle, due to thetwo-way coupling of the two
quantities [Salvucci et al., 2002]. However, in a modeling framework, causal relationships can
be determined more easily (see Section 4).

Soil moisture - vegetation interactions:

The plant control on transpiration is the most important mechanism for a soil moisture-
vegetation feedback (biophysical feedback). The regulation of the opening of the stomatas dur-
ing photosynthesis and thus of the transpiration, is controlled by e.g. SM availability [Sellers
et al., 1997]. This can have strong implications on weather and climate, as shown for instance
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during the 2003 heat wave that was affected by an early springgreen-up of vegetation causing
an excessive soil drying and increasedH [Zaitchik et al., 2006]. The SM-vegetation feedback
mechanism does not only have consequences forE but also for the carbon cycle, which is cou-
pled to SM via the transpiration (biochemical feedback). Again, during the 2003 heat wave, the
primary productivity was strongly decreased, which turnedEurope into an anomalous carbon
source [Ciais et al., 2005]. However, reversely, the impact of changes of CO2 on plants’ pho-
tosynthesis and ultimately on the water cycle, with a possible enhanced water-use efficiency in
future climate, are less clear (seeSeneviratne et al.[2009] and references therein).
Moreover, vegetation has increased roughness lengths compared to bare soils, which causes
enhanced turbulence and consequently larger fluxes of heat and moisture. This then might feed
back on the vegetation via the SM-precipitation feedback mechanism discussed in the previous
section. The impact of SM on the albedo (of plants) is anotherpossible feedback mechanism
with climate [e.g.Charney, 1977;Eltahir, 1998], though uncertainties remain in this area as
well [e.g. Teuling and Seneviratne, 2008].

Soil moisture - circulation feedbacks:
During the 2003 heat wave for instance, the persistence of the large-scale atmospheric circula-
tion enabled extremely strong radiative anomalies and, consequently, heating and drying of the
land surface that was even amplified by the caused absence of clouds and latent fluxes [Black et
al., 2004].Fischer et al.[2007b] report, that decreasing soil moisture can have an amplifying
effect on the circulation anomaly and thus results in a positive feedback between SM and circu-
lation (see Section 4). Based on suggestions fromNamias[1991],Pal and Eltahir[2002, 2003]
find in a numerical experiment for the United States that via this positive feedback mechanism
SM anomalies over relatively small regions can induce and maintain floods and droughts not
only locally, but also over remote regions. Similarly, a recent study byHaarsma et al.[2009]
links the projected increase in Western European summer temperatures to the remote effect of
a Mediterranean heat low induced by SM depletion.

1.2.3 Other Physical Mechanisms Controlling Summer Climate Ex-
tremes

Heat waves are generally due to strong anticyclonic circulation anomalies associated with sub-
sidence, clear skies, surpressed convective activity due to high PBL stability, and sustained
hot temperatures at the surface.Fink et al. [2004] demonstrated that anticyclonic weather
types dominated over Central Europe during spring and summer of the 2003 heat wave, which
caused the overall dryness of both seasons. The prediction of heat waves over Western Europe
is, beside North Atlantic sea surface temperatures (SST) and Western European precipitation,
mostly determined by anomalous high pressure over Scandinavia and central Western Europe
[Della-Marta et al., 2007b].
There is also a distinctive link between heavy precipitation events and the large-scale circu-
lation. Breaking Rossby waves (PV streamers) for instance are upper-level precursors for
Southern Alpine heavy precipitation events [Massacand et al., 1998]. However, this holds
particularly in autumn [Martius et al., 2006], while summertime heavy precipitation in mid-
latitudes is mostly due to convection that is favourable during weak synoptic-scale forcing (e.g.
flat pressure distributions).
Finally, there are several studies investigating the potential role of SST anomalies in predict-
ing the European summer climate.Sutton and Hodson[2005] for instance, report that slowly
varying North Atlantic ocean oscillations are an importantdriver of multidecadal variations in
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the summertime climate of both North America and Western Europe. Recently, several studies
have focused on the possible contribution of SST anomalies to the 2003 European heat wave.
While Black and Sutton[2006] find that both Indian Ocean and Mediterranean SST anomalies
contributed to the development of the heat wave,Cassou et al.[2005] suggest that the heat
wave was stronger because of favourable tropical Atlantic conditions acting as a forcing. On
the contrary,Ferranti and Viterbo[2006] find that the response of initial dry soil anomalies
greatly exceeds the impact of the ocean boundary forcing.

1.3 Regional Climate Modeling

Nowadays, modeling of the global climate is performed usingso called GCMs (general cir-
culation models) with typical horizontal resolutions of approximately 2.5◦ (≈ 210 km in mid-
latitudes). However, if the focus is not on the global but rather on the subcontinental scale, the
coarse resolution of GCMs poses limitations to the representation of complex topographies,
heterogenous land surfaces and the coastlines. Complex topographies for instance such as the
Alps cannot be properly resolved in order to accurately simulate the dynamics and physics of
its meso-scale processes. For these aspects, regional climate models (RCMs) are useful tools
to dynamically downscale the coarse grid information of GCMs to finer resolutions of typically
25-50 km (for the European continent). Some RCM studies focusing on e.g. precipitation in the
complex Alpine terrain are even run at cloud resolving scale(< 2.5 km) using so called double
nesting methods [Hohenegger et al., 2008, 2009]. Alternatively to dynamical downscaling, the
GCM information can be downscaled using statistical methods [e.g.Schmidli et al., 2007].

While the first RCM studies are already 20 years old [e.g.Dickinson et al., 1989;Giorgi
et al., 1990], the results of the latest IPCC AR4 report are still mostly based on GCM stud-
ies. However, there are several EU-projects dealing with climate change that are based on
RCMs such as PRUDENCE (http://prudence.dmi.dk/) or ENSEMBLES (www.ensembles-
eu.org). Simulations from the latter project are partly used in this thesis (Sections 2, 5 and
4, and Appendix A).

1.3.1 Validation of Climate Models

In order to obtain a steady improvement of climate models, comparison with measurements is
a key part of model development. Aside from validation of single model components (e.g. land
surface or convection parametrisations), as it is often done by model developers with offline
land surface simulations or in single column mode, climate models are typically validated for
their performance in the representation of the mean climateof key variables such as tempera-
ture, precipitation or circulation (e.g.Jacob et al.[2007]; see also Section 2). However, more
recently, validation of the climate variability and associated extreme events gained more atten-
tion [e.g.Kjellströmet al., 2007]. Some studies do not restrict the validation tothe first and sec-
ond statistical moments, but validate the full probabilitydensity function of climate variables
[e.g. Perkins et al., 2007]. Moreover, there are approaches to use a process-based validation
that aims to assess the representation of physical processes in climate models (e.g.Betts[2004,
2007]; applied in Section 3). Due to the chaotic nature of theclimate system, ensemble-based
model validation approaches (perturbed initial conditions) are useful to account for the uncer-
tainty inherent in the climate system [e.g.Roesch et al., 2008], while model uncertainty can be
quantified using perturbed model parameters and/or different parametrisations [e.g.Bachner et
al., 2008;Brockhaus et al., 2009].
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1.3.2 Representation of Evapotranspiration in Climate Models

Hereafter, we briefly review how soil moisture-evapo(transpi)ration relationships are parame-
terized in climate models. Most land surface processes cannot be resolved by current climate
models and, hence, have to be parametrized in so called ’landsurface models’ (LSM). These
models strongly vary in complexity and usually are subdiveded into the following three cate-
gories: first, second and third generation models [Sellers et al., 1997;Pitman, 2003;Senevi-
ratne et al., 2009]:

First generation models: The first LSMs date back to the late 1960s with the construction
of the first GCMs. The most famous is the so called ’Bucket model’ from Manabe[1969],
which already considered the limiting effect of SM forE:

E = βEpot = ρaβ
qsat(Ts) − qr

ra
, (1.4)

whereEpot denotes the potential evapotranspiration,ρa the density of air,β the evaporation
factor (linear function of SM with0 ≤ β ≤ 1; similar to the linear relationship betweenE and
SM in Fig. 1.6),qsat(Ts) the saturation water-vapour specific humidity at the temperature of
the surface,qr the one at the reference atmospheric level, andra is the aerodynamic resistance
between the surface and the lowest layer of the atmosphere (with r−1

a = Kh|~vh|, whereKh is
the transfer coefficient for humidity and heat, and|~vh| is the wind speed at reference level).
However, this type of LSM has a number of serious drawbacks such as the fact that the water-
holding capacity and the surface albedo are constants, SM isthe only limiting effect forE,
there is only one SM layer, and that there is generally a crudedescription of physical processes
(e.g. runoff, thermal processes).

Second generation models:These LSMs are also termed biophysical models and date back to
the 1980s (e.g. the BATS models byDickinson, [1984]). They are characterized by an explicit
canopy, a multi-layer soil, and an evapotranspiration thatis subdiveded into three sources: bare
soil evaporation (Eb), evaporation from the interception layer (Ei) and transpiration from the
vegetation (Etr). The focus is still on the calculation of energy and water fluxes, but compared
to first generation models in a much more accurate way due to the incorporation of biophys-
ical processes. The most important improvement is the biophysical control onE through the
stomatal resistancers (or stomatal conductancegs = 1/rs), which is an additional resistance
to water transfer imposed by the stomates (apertures that allow for water and CO2 exchange in
leafs) and based on empirical findings:

gs =
1

rs

=
1

rmin
s

f(PAR)f(T )f(δe)f(Ψl), (1.5)

wheref(PAR), f(T ), f(δe), f(Ψl) denote the environmental stress factors that give the
dependence ofrs on radiation (PAR, photosynthetically active radiation), temperature (T ),
water vapour deficit (δe), and leaf water potential (Ψl), respectively. The latter is a function
of among others the plant wilting point and the field capacityof the soil. Under stress free
conditionsrs equalsrmin

s , the minimum stomatal resistance. Using the canopy resistancerc =
rs/LAI (whereLAI denotes the leaf area index), we obtain the transpiration asfollows:

Etr = ρa
qsat(Ts) − qr

ra + rc

. (1.6)
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Figure 1.6: Relation between soil moisture and evapotranspiration in climate models. Wet SM regime
(SM > SMcrit): Under this regime, E is not sensitive to SM, and SM has mostly a damping effect on
climate variability. Transitional SM regime (SMwilt < SM< SMcrit): Here, E is sensitive to SM and its
variations are large enough to impact climate significantly. Dry SM regime (SM< SMwilt): Under this
SM regime, E is very sensitive to SM but very limited due to thedry conditions (after Seneviratne et al.
[2009]).

While in Eq. (1.4) SM limitation is applied externally toEpot, Eq. (1.6) more realistically
models the resistances onEtr as acting in series. This usually causes more realistic (much
smaller) evapotranspiration rates, better estimates of global precipitation and generally an im-
provement of the continental hydrometeorology [Sellers et al., 1997]. Moreover, surface pa-
rameters vary geographically and the inclusion of a multi-layer soil allows for deep root-zone
transpiration and associated long-term climate memory [Seneviratne et al., 2009].

Third generation models: The latest LSMs are so called biochemical models that include
plant photosynthesis and, hence, allow to model the carbon cycle [e.g. Cox et al., 2000]. In
contrast to the empirical formulation forgs given in the second generation models (see Eq.
(1.5)),gs is more physically described as a function of the net CO2 assimilation (An):

gs = m
An

cs

hsp + b, (1.7)

wherem is an empirical coefficient,cs the CO2 concentration,hs the realtive humidity at
the leaf surface,p the atmospheric pressure, and b the minimum value ofgs. This allows to
model possible impacts of changes in CO2 concentrations on the transpiration [Field et al.,
1995] and, hence, of possible changes in soil moisture-evapotranspiration relationships, or
e.g. to model possible observed impacts of SM changes on carbon assimilation [e.g.Ciais
et al., 2005; Granier et al., 2007]. Latest LSMs include various additional processes such
as a nitrogen cycle or dynamical vegetation [Arora, 2002], in contrast to models with a static
vegetation given a fixed seasonal cycle of e.g. LAI.
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1.3.3 The CLM Regional Climate Model

The CLM regional climate model is used for the numerical experiments performed for this
thesis. It is the climate version of the non-hydrostatic COSMO model (COnsortium for Small-
scale MOdeling: http://cosmo-model.cscs.ch/) employed by several European weather services
for numerical weather prediction.

A similar model configuration is adopted as for the EU-FP6 project ENSEMBLES
(http://www.ensembles-eu.org) using the old model version 2.4.11. The decision for the model
setup and version is based on a profound validation study (see Chapter 2). Additionally, version
2.4.11 has been corrected for a missing restriction of evapotranspiration below the plant wilt-
ing point. CLM is integrated over a domain covering the entire European continent, with 0.44◦

(≈ 50 km) horizontal resolution, 32 levels in the vertical and 10 soil layers. Lateral boundary
conditions are derived from the ERA40 reanalysis (1958-2001,Uppala et al.[2005]) and from
ECMWF operational analysis (2002-2006). The initial conditions correspond to the climato-
logical values of a long-term CLM simulation to ensure that the model is within its equilibrium.
The external parameters are based on AVHRR data for the vegetation parameters (leaf area in-
dex, plant cover and root depth) and on the FAO 1995 digital soil map for soil types (9 classes
in CLM).

A. Dynamics and Numerics:
CLM is a non-hydrostatic model, based on the primitive thermo-hydrodynamical equations
describing compressible flow in a moist atmosphere. The model equations are formulated
in rotated geographical coordinates and a generalized terrain following height coordinate. The
equations are solved numerically using second-order finitedifferences for the spatial discretiza-
tion and second-order leapfrog for the time integration (optionally Runge-Kutta).

B. Physical Parametrizations:
Soil model: CLM uses the second-generation multi-layer soil model TERRA-ML [ Schrodin
and Heise, 2002]. In TERRA-ML the total evapotranspiration consistsof Eb, Etr, Ei and of
evaporation from snow stores (Esnow). While Etr is calculated using Eq. (1.6) andEi and
Esnow are equal to the potential evaporation at the correspondingtemperatures, the bare soil
evaporationEb is parameterized according toDickinson, [1984]: As long as the uppward diffu-
sion of SM can supply enough water, the bare soil will evaporate at potential rate (atmospheric
demand) otherwise at the maximum evaporation rate (maximumsupply). The latter is based
on an empirical formula that includes the SM content and soiltype dependent variables (e.g.
the soil water suction at saturation, the saturated soil hydraulic conductivity, minimum soil dif-
fusivity).
Moist convection: The setup of this thesis uses theTiedtke [1989] mass-flux convection
scheme based on a moisture-convergence closure (optionally Kain-Fritsch, Kain-Fritsch-
Bechthold or ECMWF IFS schemes with CAPE closures). For all schemes the trigger mecha-
nism tests for atmospheric instability using adiabatic parcel ascents.
Turbulence: Vertical turbulent fluxes are based on a prognostic turbulent kinetic energy clo-
sure [Raschendorfer, 2001] (optionally second order K-closure). The surface layer is as well
parametrized based on turbulent kinetic energy.
Radiation: CLM uses aδ-two-stream radiation scheme afterRitter and Geleyn[1992] for the
solution of the radiative transfer equation for plane-parallel horizontally homogenous atmo-
spheres. Due to computational constraints it is only solvedfor three spectral intervals in the
solar part and five spectral intervals in the thermal part of the radiation spectrum using a re-
duced temporal resolution.
Microphysics: CLM provides several bulk-water continuity schemes to parametrize precip-
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itation formulation, which differ in the number of hydrometeor categories considered (cloud
water, cloud ice, rain, snow and graupel). In the setup used for this thesis cloud water is a
prognostic variable, whereas rain and snow are diagnostic variables (optionally with prognos-
tic cloud ice, rain, snow and graupel). Subgrid-scale cloudiness is based on a empirical formula
depending on relative humidity and height.

Further details on the model dynamics and physics are available from the CLM community
webpage (http://www.clm-community.eu/).

This CLM setup has been validated with regard to the representation of the mean state and
the variability of the European summer climate in Chapter 2,with regard to the representation
of land-atmosphere coupling characteristics in Chapter 3,and with regard to its representation
of PBL profiles inBrockhaus et al.[2008]. The latter study and Chapter 2 form part of a
special issue devoted to the CLM RCM [Meteorologische Zeitschrift, Vol.17, 2008]. A more
recent model version of CLM is used byAnders and Rockel[2009] to investigate the possible
impact of soil characteristics on the European mean climate, and byHohenegger et al.[2009] to
assess the soil moisture-precipitation feedback in simulations with explicit and parameterized
convection.

1.4 Aims and Outline

The previous sections have shown that interactions taking place at the interface of the land
surface and the atmosphere and associated planetary boundary layer processes are crucial el-
ements of the climate system. They play a major role in several feedback processes and are
particularly relevant for extreme events. Accurate predictions of the European summer cli-
mate are still associated with large uncertainties, which has to do with the predominance of
not explicitely resolved but parameterized small-scale processes in summer, such as land sur-
face processes and convection (contrarily to the predominance of large-scale frontal weather
systems in winter).

The current knowledge on land-atmosphere interactions is mostly restricted on its impact
for the mean climate and its interannual variability [e.g.Koster et al., 2004a;Seneviratne et
al., 2006b] or based on some selected case studies of single extreme events [Fischer et al.,
2007a]. However, systematic long-term investigations of its explicit impact on climate ex-
tremes are scarce, which is particularly an issue for robustestimates of these rare events (for
a 6-year study seeConil et al. [2007]). For the evaluation of the representation of land-
atmosphere interactions in current climate models severalstudies focus on multimodel analy-
ses to assess uncertainties in physical processes [e.g.Dirmeyer et al., 2006]. However, their
validation combined with targeted sensitivity experiments can also help to more systemati-
cally identify critical parameters and processes, and possible areas of improvements to better
constrain the current climate models. The new measurementsfrom the FLUXNET project
(http://www.fluxnet.ornl.gov) allow for the first time the detailed evaluation of climate models
with respect to land surface processes.

Motivated by such considerations, this thesis seeks to improve our understanding of key
aspects of land-atmosphere coupling. Emphasis is set on itsrepresentation in RCMs and how
it impacts climate extremes. The main results are based on results obtained by numerical
experiments with the regional climate model CLM. More precisely, this study investigates the
following issues:
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• Model selection and validation:How are the single components of the water and energy
balance at the Earth’s surface represented in the employed RCM? What is the typical
magnitude of their biases with respect to observational datasets? Which model setup is
favourable for the simulation of the European summer climate?

• Representation of land-atmosphere coupling (LAC):How well does the employed RCM
model processes relevant for land-atmosphere coupling, like for instance surface fluxes of
heat and moisture? Is the soil moisture-temperature coupling in the model represented re-
alistically? How does it compare with observations in this respect? What are reasonable
measures to investigate and compare the land-atmosphere coupling with observations?

• Impact of LAC on mean climate:How sensitive is the European summer mean climate
in the employed model to changes in soil moisture? Are the changes of the involved
processes (e.g. see Fig. 1.3) modeled realistically? Does the model have a positive or a
negative soil moisture-precipitation feedback?

• Impact of LAC on extremes:What is the role of land-atmosphere coupling for the Euro-
pean summer climate variability and associated extreme events, like for instance heavy
precipitation or heat waves? How sensitive are these extremes in the employed model
to changes in soil moisture? Is it mainly the interannual variability of soil moisture that
determines the strength of the amplification of heat waves, or are other time scales of SM
variability relevant as well? Is the persistence of heat waves affected by soil moisture?

• Impact of LAC on trends:Can projected future trends in temperature and precipitation
(extremes) already be detected in the current climate? Are these trends possibly influ-
enced by trends in soil moisture? If so, where over Europe is there an influence and how
strong is it? Are SM trends the driving mechanism or does it mainly act as an amplifica-
tion of another process?

• Model dependency: How large are biases of the mean European summer climate, of
extremes and of trends in the employed model compared to other state-of-the-art RCMs?
How sensitive is the representation of land-atmosphere coupling with respect to the se-
lected model?

The addressed questions do not cover all the pending issues associated with the representa-
tion of land-atmosphere coupling in a regional climate model. As stated in Chapter 6, further
aspects may be considered in the future.

This thesis consists of 6 chapters and 3 appendices. Four of the chapters have already
been published or recently been submitted to peer-reviewedjournals. They are presented in
the form of self-contained scientific contributions in the sense that they include an abstract, an
introduction and conclusions. The detailed outline is as follows:

• Chapter 2:Analysis of ERA40-driven CLM simulations for Europe, Jaeger et al.
(2008). This paper focuses on the validation of long-term ERA40 driven CLM and
CHRM simulations using different observational datasets.The main goal is to find a
suitable setup for the further numerical experiments.

• Chapter 3:Analysis of planetary boundary layer fluxes and land-atmosphere cou-
pling in the Regional Climate Model CLM, Jaeger et al. (2009). In this paper
the turbulent fluxes of heat and moisture in CLM are validatedusing eddy-covariance
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measurements from the FLUXNET project, and compared to the ECMWF operational
analysis as well as to other state-of-the-art RCMs. Moreover, the representation of land-
atmosphere interactions in CLM and in the ECMWF operationalanalysis is investigated
using different coupling characteristics.

• Chapter 4:Impact of soil moisture-atmosphere coupling on European climate ex-
tremes and trends in a regional climate model,Jaeger and Seneviratne (2010). This
study investigates the impact of soil moisture on the European summer climate using a
set of numerical sensitivity experiments performed with CLM. The focus is set on the
statistics of temperature and precipitation extremes using different measures, as well as
on observed extreme events. Moreover, the impact of soil moisture for trends in temper-
ature and precipitation (extremes) is assessed.

• Chapter 5:Persistence of heat waves and its link to soil moisture memory, Lorenz et
al. (2010). Based on a subset of the CLM experiments performed for Chapter 4, this
study discusses the possibility of separating the influenceon changes in heat wave lengths
due to changes in the temperature distribution from those due to changes in atmospheric
persistence, using two different definitions of the heat wave index. Moreover, the impact
of soil moisture memory on the atmospheric persistence is assessed.

• Chapter 6:Conclusions and outlook. In the final chapter of this thesis the overall
conclusions are drawn, and an outlook is provided regardingpossible future research
concerning the role of land-atmosphere interactions for the European summer climate.

• Appendix A:Further papers related to CLM. This appendix lists two additional co-
authored studies using CLM that have been published in peer-reviewed journals. How-
ever, since their focus is somewhat different from the overall scope of this thesis, only
the abstract is provided.

• Appendix B:Statistical methods for detrending of time series. Non-stationarities in
time series often distort the relationships of interest and, therefore, have to be removed
beforehand. To that aim, different statistical methods fordetrending are briefly reviewed
in this appendix, and applied to specific examples based on the CLM experiments.

• Appendix C:Extreme value theory. The investigation of extremes in Chapter 4 is
partly based on extreme value theory, which is summarized inthis appendix.





Chapter 2

Analysis of ERA40-driven CLM
simulations for Europe

’Validation by compilation: if a model can be compiled it must be true...’
(Boris Orlowsky, famous philosopher and climate scientist)
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Analysis of ERA40-driven CLM simulations for Europe
Meteorologische Zeitschrift, 2008, Volume 17(4), pages 349–367.

Eric B. Jaeger1, I. Anders2, D. Lüthi1, B. Rockel2,
Christoph Scḧar1, Sonia I. Seneviratne1

Abstract

The Climate Local Model (CLM) is a community Regional Climate Model (RCM) based
on the COSMO weather forecast model. We present a validationof long-term ERA40-driven
CLM simulations performed with different model versions. In particular we analyse three
simulations with differences in boundary nudging and horizontal resolution performed for the
EU-project ENSEMBLES with the model version 2.4.6, and one with the latest version 4.0.
Moreover, we include for comparison a long-term simulationwith the RCM CHRM previously
used at ETH Zurich. We provide a thorough validation of temperature, precipitation, net radia-
tion, cloud cover, circulation, evaporation and terrestrial water storage for winter and summer.
For temperature and precipitation the interannual variability is additionally assessed. While
simulations with CLM version 2.4.6 are generally too warm and dry in summer but still within
the typical error of PRUDENCE simulations, version 4.0 has an anomalous cold and wet bias.
This is partly due to a strong underestimation of the net radiation associated with cloud cover
overestimation. Two similar CLM 2.4.6 simulations with different spatial resolutions (0.44◦

and0.22◦) reveal for the analysed fields no clear benefit of the higher resolution except for
better resolved fine-scale structures. While the large-scale circulation is represented more real-
istically with spectral nudging, temperature and precipitation are not. Overall, CLM performs
comparatively to other state-of-the-art RCMs over Europe.

1Institute for Atmospheric and Climate Science, ETH Zurich,Switzerland
2Institute for Coastal Research, GKSS Research Centre, Geesthacht, Germany
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2.1 Introduction

The detection and attribution of regional climate change and the assessment of regional model
performance on interannual and shorter time scales over several decades is an important issue
for researchers, policy and society [IPCC, SPM, 2007]. Indeed, the impacts of climate change
will mostly be felt at the local and regional scale, and theselocal and regional changes do not
necessarily scale with the global climate trends. Thus, regional model scenarios have been
the focus of several recent analyses, either based on globalclimate model (GCM) simulations
[IPCC, 2007;Christensen et al., 2007b], or regional climate model (RCM) simulations, for
instance as part of the EU projects PRUDENCE [http://prudence.dmi.dk;Christensen et al.,
2007a;Jacob et al., 2007; Kjellström et al., 2007; Vidale et al., 2007] and ENSEMBLES
(www.ensembles-eu.org).

The most recent IPCC Assessment report [IPCC, 2007;Christensen et al., 2007b] gives a
summary of the skill of GCMs in simulating present European climate. Depending on model
and season the area mean temperature bias varies from -5◦C to 3◦C in Northern Europe and
from -5◦C to 6◦C for Southern Europe and the Mediterranean region. Precipitation is in general
close to the observations in Southern Europe, whereas in Eastern Europe the summer climate is
too dry and in Northern Europe winters are too wet. Northern Hemisphere summer temperature
variability is found to be overestimated due to summer drying of the soils [Collins et al., 2001;
Giorgi, 2002].

Although RCMs tend to capture the geographical variations of precipitation and tempera-
ture in Europe more accurately than GCMs, they still show systematic biases [Christensen et
al., 2007b]. Indeed, most RCMs also overestimate summer temperature variability over South-
ern Europe and in Eastern Europe [e.g.Jacob et al., 2007; Vidale et al., 2007]. The mean
summer climate over Southeastern Europe is generally simulated too dry and warm, both when
driven with reanalysis boundary conditions [Hagemann et al., 2004] as well as with GCM
forcing [Jacob et al., 2007].

In the present study we evaluate the performance of the RCM CLM in simulating surface
temperature, precipitation, cloud cover, circulation, net radiation, evaporation and terrestrial
water storage by comparing long-term simulations to reanalysis and observation data. In ad-
dition, we also include for comparison a simulation with theCHRM model, which has been
used for recent studies at ETH Zurich and has been shown to perform well regarding European
climate [e.g. Vidale et al., 2003]. Primarily, we focus on the seasonal means and seasonal
cycles, but also investigate the interannual variability of temperature and precipitation.

The set of analysed simulations include four simulations with the CLM (see Section 2.2.1
and further articles of the current special issue) and one with the CHRM (see Section 2.2.2).
All simulations are driven at the lateral boundaries with ERA40 reanalysis data [Uppala et al.,
2005], using the so called ‘perfect-boundary’ approach. The simulations cover the ERA40
time period (1958–2001) and are validated for 1961–2000 in summer and 1962–2000 in
winter whenever possible. Three of the CLM simulations havebeen performed within the
ENSEMBLES project with the model version 2.4.6 and are validated in detail for the first time
as part of the present study. The main focus will be on these three simulations which include
differences in horizontal resolution, in the lateral boundary nudging technique and in the lower
boundary condition. Another aim of this paper is the comparison of the CLM model version
2.4.6 with respect to the latest CLM version 4.03.

3Actually, we use COSMO version 3.22 which is the first unified COSMO - CLM version, and was the latest
model version at the time the simulation was done. It is a beta-version of CLM 4.0, comparable to the official
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The outline of the paper is as follows: Section 2.2 provides adescription of the models and
experiments; Section 2.3 presents the reanalysis and observation data sets used for validation;
Section 2.4 gives an overview of validation results; Section 2.5 provides a discussion of the
results and Section 2.6 presents a summary and the main conclusions of this study.

2.2 Models and Simulation Setup

2.2.1 CLM Simulations

The CLM is the climate version of the COSMO model (http://www.cosmo-model.org), which
is the operational non-hydrostatic mesoscale weather forecast model of the German Weather
Service, of MeteoSwiss and other members of the COSMO consortium. Details on the model
dynamics and physics are available inSteppeler et al.[2003] and in other publications of
the current special issue [e.g.Will et al., 2009]. Hereafter, the main characteristics of each
simulation setup are summarized. The analysed simulationsinclude two CLM simulations with
standard nudging performed with model version 2.4.6 at0.44◦ and0.22◦ horizontal resolution.
Hereafter, these two simulations are referred to as CLM-44 and CLM-22, respectively. A
third CLM simulation with0.44◦ horizontal resolution was performed with the same model
version but with the spectral nudging technique [von Storch et al., 2000] and will be referred
to as CLM-44SP in the remainder of the paper. Beside the nudging technique there are other
differences between CLM-44, CLM-22 and CLM-44SP mainly in the processing of the external
parameters such as leaf area index (LAI), orography and soiltype (see Table 2.1). Therefore,
it is not possible to unambiguously assess the influence of spectral nudging or higher spatial
resolution on model performance. The CLM-44, CLM-22 and theCLM-44SP simulations
were all performed as part of the EU-project ENSEMBLES. In addition, we also include in
the analysis an ERA40-driven CLM simulation using the latest model version 4.0 (hereafter
CCLM-44; see Table 2.1 for details on each simulation setup).

2.2.2 CHRM Simulations

Since the CLM is a relatively recent model, a simulation withthe Climate High-Resolution
Model (CHRM) version 2.3 [Vidale et al., 2003], extensively used and validated at ETH, is
included for comparison. CHRM is a climate version of the former hydrostatic mesoscale
weather forecast model of the German and Swiss meteorological services known as the HRM
(High-Resolution Model) or formerly EM (Europa-Modell). Details on the CHRM simulation
setup are given in Table 2.1. Information on the model dynamics and physics is provided
in Majewski[1991] and inMajewski and Schrodin[1994]. Modifications for application as a
RCM are discussed inLüthi et al. [1996] and further improvements are described inVidale et al.
[2003]. The ability of CHRM to represent natural variability on different time scales has been
validated inVidale et al. [2007]. Together with the CLM and eight other RCMs, the CHRM
has already been used in the PRUDENCE project driven with theHadAM3H AGCM (e.g. see
PRUDENCE special issue in Climatic Change, published in 2007). The current model version
has been previously used in several climate scenario studies [Scḧar et al., 2004;Seneviratne et
al., 2006b;Vidale et al., 2007] and sensitivity and process studies [e.g.Hohenegger and Vidale,
2005;Fischer et al., 2007b].

CLM 4.0. So far this model version was only tuned for weather forecasting purposes at 7 km resolution, but not
yet optimized for application as a RCM at e.g. 25/50 km.
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Table 2.1: Overview of the RCM simulations used in this study.

CLM-44 CLM-22 CLM-44SP CCLM-44 CHRM

model: CLM CLM CLM CLM CHRM
version: 2.4.6 2.4.6 2.4.6 4.03 2.3
institution: ETH ETH GKSS ETH ETH
boundary conditions: ERA40, ERA40, ERA40, ERA40, ERA40,

Davies[1976] Davies[1976] Davies[1976] and Davies[1976] Davies[1976]
von Storch et al.[2000]

simulation period: 1958–2001 1958–2001 1958–2001 1958–2001 1958–2001
grid dimensions: 91 × 97 193 × 201 85 × 95 109 × 121 91 × 81
grid spacing: 0.44◦ 0.22◦ 0.44◦ 0.44◦ 0.5◦

number of layers: 32 32 32 32 20
number of soil levels: 10 10 10 10 3
external parameters: ETH GKSS GKSS GKSS ETH

processinga processingb processing processing processing
other specifics: spectral nudging progn. precip. hydrostatic

with cloud-ice
-czbotw soc 2.5 m 2.5 m 4 m 2.5 m 2.89 m
-lmeltd FALSE FALSE TRUE FALSE with melting

processese

aETH uses satellite derived data from AVHRR for vegetation parameters and soil types derived from FAO 1995 digital soil map.
Orography is smoothed using a digital Gaussian filter in order to eliminate artifical 2dx waves.
bGKSS uses vegetation parameters from ECOCLIMAP. Distribution of soil types is derived from porosity dataset from FAO.
cDepth of bottom of last hydrological active soil layer.
dSoil model with melting process and freezing temperature dependent on water content.
eDifferent soil model than in CLM.

2.3 Observational Datasets

2.3.1 CRU

For the validation of the surface temperature and precipitation of the RCMs, the Climate Re-
search Unit (CRU) monthly mean global gridded dataset version TS 2.1 with0.5◦ resolution is
used [New et al., 1999, 2000;Mitchell and Jones, 2005]. It is exclusively available over land
and spans the period 1901–2002.

2.3.2 ERA15 and ERA40

Two ECMWF reanalysis data products are used in this study forvalidation purposes. The first
is the ERA15 global gridded dataset [Gibson et al., 1997] and it is used for the validation of
the net radiation. ERA15 has a horizontal spectral resolution of T106, 31 vertical hybrid levels
and a 6 h temporal resolution. It spans the time period December 1978 to February 1994.

The second reanalysis product from ECMWF is the more recent ERA40 global gridded
dataset [Uppala et al., 2005], which has a horizontal spectral resolution of T159,60 vertical
hybrid levels, a 6 h temporal resolution and spans the time period September 1957 to August
2002. It is not only used in this study for the lateral boundary driving fields, but also for the
validation of the circulation patterns. In addition it is also one of the datasets upon which the
Basin-Scale Water-Balance (BSWB) dataset is based (see following section).
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2.3.3 BSWB

The Basin-Scale Water-Balance (BSWB) dataset (http://iacweb.ethz.ch/data/waterbalance/) is
used for the validation of the terrestrial water storage (TWS) [Seneviratne et al., 2004;Hirschi
et al., 2006a,b;Hirschi et al., 2007]. TWS is calculated for individual catchments using an
equation derived from the combined atmospheric and terrestrial water balances:

{
∂S

∂t
} = −{

∂W

∂t
} − {∇h · ~Q} − {R}, (2.1)

whereS represents theTWS, ~Q the vertically integrated two-dimensional atmospheric water
vapour flux,W the column storage of atmospheric water vapour and andR the measured total
runoff of the catchment. The overbar represents a temporal average (i.e. monthly means),
the curly brackets a spatial average over the catchment and the operator∇h the horizontal
divergence. The first two terms on the right hand side of Eq. (2.1) are derived from the ERA40,
whereas the last term is taken from observations. Validation of the BSWB data set showed
good agreement with in situ observations in Illinois (soil moisture, groundwater and snow
observations,Seneviratne et al., 2004] and the former Soviet Union (soil moisture and snow
observations,Hirschi et al., 2006a).

Evaporation is calculated using the atmospheric water-balance equation for individual
catchments [e.g.Yeh et al., 1998;Hirschi et al., 2007]:

{E} = {∇h · ~Q} + {
∂W

∂t
} + {P} (2.2)

whereE represents the evaporation of the catchment andP the measured precipitation. As
for theTWS, ERA40 data is used for the first two terms on the right hand side of Eq. (2.2),
whereas the last term is taken from CRU observations. The quality of this estimate depends

on ∇h · ~Q and ∂W/∂t, which are both constrained by assimilated radiosonde observations
as well as on CRU precipitation observations. Since estimates derived with Eq. (2.1) are in
good agreement with observations, estimates derived with Eq. (2.2) are expected to be of good
quality at least in regions with good precipitation data. For instance,Yeh et al.[1998] used Eq.
(2.2) with NCEP reanalysis data and found good climatological agreement with observations
of E for Illinois.

2.3.4 ISCCP

ISCCP-D2 satellite observations of total cloud cover (CLCT ) are used to validate the RCMs.
The ISCCP-D2 data is available for the period July 1983 through June 2006 and was obtained
from the International Satellite Cloud Climatology Project web site (http://isccp.giss.nasa.gov)
maintained by the ISCCP research group at the NASA Goddard Institute for Space Studies
[Rossow and Schiffer, 1999].

2.4 Results

In this section the summer and winter model biases are discussed for the periods 1961–2000
and 1962–2000, respectively. For all analyses the RCM simulations are interpolated onto the
native grid (except for the geopotential height fields, Section 2.4.3) of the observational datasets
in the horizontal, and only temperature was height-corrected using a constant lapse rate of -0.65
K /100 m. Some regional analyses are presented for selected regions and over river basins (see
Fig. 2.1).
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Figure 2.1: Left: PRUDENCE subdomains as defined for instance in Christensen and Christensen
[2007]. The following subdomains are investigated: Alps (AL), Britain (BI), France (FR), Eastern
Europe (EA), Iberian Peninsula (IP), Mediterranean (MD), Mid-Europe (ME) and Scandinavia (SC).
Right: Large-scale European domains composed of major river basins as defined in Hirschi et al.
[2007]: Northeast European (NE) domain, Danube (DA) and Baltic Sea (BA) catchments.

2.4.1 Seasonal Mean Climate and Seasonal Cycle: Temperature

The mean temperature (T ) fields of the RCMs are compared to CRU temperature observations
on the continental scale in Fig. 2.2 and for selected regions(PRUDENCE subdomains,Chris-
tensen and Christensen, 2007) in Fig. 2.3. Note that only land points have been used for the
subdomains. For a map of the PRUDENCE subdomains see left panel of Fig. 2.1.

In summer, CLM-44, CLM-22 and CLM-44SP have a cold bias in Scandinavia and in the
Alps, and a warm bias in Southeastern Europe. Note that this bias in Southeastern Europe
is particularly strong in CLM-22 and CLM-44SP and was also exhibited by all GCM-driven
PRUDENCE RCMs [Jacob et al., 2007]. The CCLM-44 presents a different pattern of biases,
characterised by a strong cold bias for most parts of the model domain, except for Northern
Africa and the Iberian Peninsula. The CHRM simulation has a small cold bias throughout
Europe except in Eastern Europe. In all simulationsT

DJF
is generally too cold in Southern

Europe, the Alps and in Southern Norway, especially in CHRM and to a minor extent also
CLM-44SP, which have a cold bias across the whole model domain. An exception is northern
Scandinavia, where all models are too warm in winter, similar to all GCM-driven PRUDENCE
RCMs [Jacob et al., 2007]. Overall, there does not seem to be a clear benefit of the increased
horizontal resolution of CLM-22 or of the spectral nudging of CLM-44SP compared to CLM-
44 for T . As already mentioned direct intercomparison is only conditionally possible due to
differences in the external parameters and, hence, this conclusion should be considered with
caution.

In Fig. 2.3 the mean seasonal cycle of theT bias is shown for the PRUDENCE subdomains.
All CLM simulations performed with the model version 2.4.6 have a striking seasonal cycle of
the error with in general positive biases in summer and larger negative biases in late autumn,
winter and early spring. These biases parallel the already identified biases on the continental
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Figure 2.2: Top row: model minus CRU observations ofT
JJA

[K] for the CLM-44, CLM-22, CLM-
44SP, CCLM-44 and CHRM (from left to right) for the period 1961–2000. Bottom row: the same but

for T
DJF

and for the period 1962–2000.

scale (Fig. 2.2). The bias of CHRM has a similar seasonal cycle but the values are generally
more negative and also in summer hardly ever positive. Geographically speaking, the overall
patterns of biases in the RCMs appear relatively consistentfor all PRUDENCE subdomains,
except in Scandinavia where the biases are somewhat different from those in all other subdo-
mains (no positive summer bias but rather a positive winter bias). Finally, the CCLM-44 bias
has a smaller intra-annual variability and is sometimes opposite to that of the other simulations
(related to the cold and wet (see later) summer bias). TheT bias of the CLM-44SP shows the
largest intra-annual variation with a strong negative biasin autumn, winter and spring, and a
positive bias in summer. The CLM-22T bias has a larger intra-annual variation compared to
the CLM-44, and it generally does not seem to be markedly better. Interestingly in CLM-22
and CLM-44SP, which share the same vegetation cover, orography and soil types (but have
different resolutions and boundary nudging specifications), T

JJA
is very similar particularly in

Southern Europe (compared to CLM-44, which has different land surface specifications). Since
in the Mediterranean and to a lesser extent in Central Europe, land surface can have a strong
control on summer climate [e.g.Seneviratne et al., 2006b], it is possible that the differences in
T

JJA
are partly determined by the mentioned differences in land surface specifications.

Generally, the errors in summer and winterT are of the same order of magnitude as those
of the GCM-driven PRUDENCE simulations4 [Jacob et al., 2007;Christensen et al., 2007b].

A comparison of ERA40 against CRU for the time period 1986–1995 reveals that the
ERA40 biases, with a warm bias in Northern Europe and a cold bias in Southern Europe,
are similar to those of the RCM simulations (see plots on www.ecmwf.int). This is at least true
in winter when the large-scale driving fields have a strong impact on the regional climate. In
summer when small-scale processes become more important for the European climate, errors
in the ERA40 driving fields are different from those of the RCMsimulations shown in this

4Though direct intercomparison is not possible since differences may not only be due to the RCM performance
but also due to the different driving fields (‘perfect-boundary’ forcing, compared to GCM-boundary forcing),
especially in winter.
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Figure 2.3: Model minus CRU observations seasonal cycle ofT [K] for the following PRUDENCE
subdomains (from top left to bottom right): Alps (AL), Britain (BI), France (FR), Eastern Europe (EA),
Iberian Peninsula (IP), Mediterranean (MD), Mid-Europe (ME) and Scandinavia (SC). See Fig. 2.1 for
a map of the subdomains. Note the different scales on the y-axis.
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study (seeRoesch et al., 2008, for a comparison of ERA40 with CRU). Hence, in summer,the
dependency of the RCMT biases on the quality of the ERA40 driving fields is small, whereas
T

DJF
errors might at least to some extent be caused by the ERA40 driving fields.

2.4.2 Seasonal Mean Climate and Seasonal Cycle: Precipitation

In this section the mean precipitation (P ) fields of the RCMs are compared to CRU precipita-
tion measurements on the continental scale in Fig. 2.4 and for the PRUDENCE subdomains in
Fig. 2.5 (similar to the temperature analysis in Section 2.4.1).
The geographical patterns ofP

JJA
of all RCMs are in good agreement with CRU (not shown).

All the main maxima (Alps, western coasts of Norway and Scottland) are realistically repre-
sented in the simulations. Nevertheless, all RCM simulations overestimateP

JJA
in Northern

Scandinavia (Fig. 2.4). In the rest of the domain, the CLM simulations with version 2.4.6 and
the CHRM simulation generally rather underestimateP

JJA
especially in Eastern Europe and

in the Alpine region. CCLM-44 on the other hand underestimatesP
JJA

only in the Alps and
in Southeastern Europe, but generally overestimates it in Central and Northern Europe. The
systematic biases ofP

JJA
in Scandinavia (overestimation) and in Eastern Europe (underesti-

mation) is in line with the results of all GCM-driven PRUDENCE RCMs [Jacob et al., 2007].
In the eastern part of the model domain, the CHRM has a local maximum which is an artefact
of the model nudging at the model boundary.

In winter local precipitation maxima occur at the same locations as for summer, and in
addition also on the western coasts of Portugal, Ex-Jugoslawia and Turkey (not shown). All
models underestimateP

DJF
in Southern Europe, the Alps and on the European west coasts by

approximately 2 mm/day, and overestimate it north of the Alps. CCLM-44 also overestimates
P

DJF
in large parts of Scandinavia and Central Europe. Additionally, the relative bias was

investigated (not shown). Similar patterns as for the absolute bias were found, except for dry
areas such as Northern Africa. In these areas the relative biases can be extremly large, due to
rare precipitation events. Regarding the biases in regionsof complex orography, such as the
Alps or Norway, one should note that CRU might not be an adequate reference for precipitation.
Frei and Scḧar [1998] found for instance an overestimation of Alpine precipitation in CRU of
up to 20 % if compared to their precipitation climatology based on high-resolution rain-gauge
observations. The identified biases in the Alps and Norway, which are relatively systematic for
all analysed models, do suggest that this is a possible issue. Using a coarse resolution obser-
vational data set for precipitation, it is also not possibleto say whether there is any benefit of
the higher resolution of CLM-22 (though the resolved fine-scale structures appear reasonable).
In Roesch et al.[2008] the same CCLM-44 simulation is validated with GPCC observations.
Except for the Alpine region the biases are consistent with those presented in this study.

For the PRUDENCE subdomains we find the following results: Insummer CLM-44SP and
the CHRM are often too dry. For CLM-44 and especially for CLM-22 this problem is less
dominant. Above all CLM-22, but also CLM-44, generally simulate more precipitation than
CLM-44SP and CHRM. CCLM-44 is much wetter than all the other RCM simulations and has
a clear wet bias in autumn, winter and spring. Except for thiswet bias in CCLM-44, the errors
in summer and winter precipitation are generally again of the same order of magnitude as those
of the GCM-driven PRUDENCE simulations [Jacob et al., 2007].

A comparison of the ERA40 precipitation against CRU (1986–1995; see plots on
www.ecmwf.int) shows similar underestimations in summer and in winter as in the simula-
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Figure 2.4: The same as in Fig. 2.2 but forP [mm/day]. Note the different colourbars for summer and
winter.
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Figure 2.5: The same as in Fig. 2.3 but forP [mm/day]. Note the different scales on the y-axis.
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tions with CLM version 2.4.6 and CHRM. Hence, at least some ofthe errors in precipitation
could be caused by errors in the specific humidity of the ERA40driving fields.

2.4.3 Seasonal Mean Climate: Circulation

Here we analyse the simulated circulation patterns in the middle and lower atmosphere. We
compare simulated seasonal mean geopotential height (GPH) and wind speed (WS) at 500
hPa and 850 hPa pressure level to ERA40 reanalysis data. The values forGPH at the 500 hPa
are about 5200 m, and at 850 hPa about 1500 m. This is associated with WS of approximately
8-24 ms−1 at 500 hPa and 3-16 ms−1 at 850 hPa. In general the highestWS occurs during
autumn and especially winter. In relation to these values, abias of -10 to +20 m of simulated
GPH by the models compared to the reference data set can be considered as small.

At 500 hPa all models show a positive bias of up to 15 m above themiddle and eastern
part of the Mediterranean during winter and summer (Fig. 2.6). This positive bias is slightly
stronger in autumn and shifted to the west in spring, whereasat 850 hPa it is only present in
autumn and winter (not shown). Especially during autumn andwinter at 850 hPa, CLM-44SP
has a positive bias across the whole model domain, whereas CLM-44 and CLM-22 have a
negative bias over Central Europe of up to -10 m in spring and summer (not shown). At 500
hPa this negative bias of CLM-44 and CLM-22 can be found during winter and spring periods
and is also present in CCLM-44 (Fig. 2.6). The largest errorsat 500 hPa are found in CHRM
with a strong positive bias during summer and a small negative one in winter over Central
Europe. Smallest biases at this pressure level are found in CLM-44SP, with only small positive
biases in summer and autumn over the whole integration area.This is the only simulation using
the spectral nudging technique. The influence of the nudgingcan not be clearly detected at 850
hPa. The method is height dependent, starting from 850 hPa with no influence and ending at
the top of the atmosphere with full effect.

WS at 500 hPa and 850 hPa also compares well with the reference dataset for all simula-
tions (not shown). Despite considering different models ormodel configurations, patterns and
range of biases are almost identical compared to ERA40. According to wind speed that can
occur at 500 hPa (see above), the identified biases with ranges of between -1 to +2 ms−1 are
very small. At 850 hPa we can find an overestimation ofWS of up to 5 ms−1 in mountain
regions. Possible reasons for this could be the interpolation from hybrid to pressure levels per-
formed within the RCMs or the interpolation of the coarse-grid ERA40 data to the fine model
grids. The biases inGPH are slightly negative in Central Europe and positive in the Mediter-
ranean region (particularly during winter and spring). Theareas of positive biases inWS can
be found between the two regions above the Apennine Peninsula and Balkan Peninsula, as a
result of this higher simulated pressure gradient. CLM-44SP is an exception, since it displays
very small positive and negative biases in all seasons with values lying between±1 ms−1 at
500 hPa. At 850 hPa, where spectral nudging starts with no direct influence on the circulation,
the patterns and range of biases are about the same as in the other simulations.

2.4.4 Seasonal Mean Climate: Net Radiation

In this section the surface net radiative fluxes are comparedto ERA15 data. At least for the
downward shortwave radiation,Wild et al. [1998] found good agreement of ERA15 with the
Global Energy Balance Archive (GEBA) observational dataset [Gilgen and Ohmura, 1999].
Hence, we compare the shortwave net radiation (SW net) directly to ERA15, but keep in mind
that errors in albedo may be responsible for discrepancies between the RCMs and ERA15.
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Figure 2.6: The same as in Fig. 2.2 but for model minus ERA40 observationsof GPH500 [m].

Figure 2.7: The same as in Fig. 2.2 but for model minus ERA15 observationsof SWnet [Wm−2] for the
period 1979–1993. Note the different colourbars for summerand winter.
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Figure 2.8: The same as in Fig. 2.7 but forLW net [Wm−2].

Moreover, also the comparison of the longwave net radiation(LW net) is briefly discussed,
though the quality of this field in ERA15 is not well known.

In Northern Europe, all CLM simulations and to a lesser extent also the CHRM simulation,
show a strongSW

JJA

net underestimation of up to -60 W/m2 (in CCLM-44 even up to -80 W/m2).
In Southern Europe the biases are generally still negative for the CLM simulations but much
smaller than for Northern Europe. In Central and Eastern EuropeSW

JJA

net biases for the CLM
simulations are of the order of0 to -30 W/m2 in the CLM 2.4.6 simulations and -20 to -80 W/m2

for CLM version 4.0. Note, however, the small positive biases in Eastern Europe in CLM-22
and CLM-44SP in summer. The CHRM on the other hand has strong positiveSW

JJA

net biases
in Central and Eastern Europe (up to 40 W/m2). CLM-22 and CLM-44SP are again closer
to one another than to CLM-44, indicating that differences in vegetation, orography or soil
type might as well be important for differences inSW

JJA

net , for instance through the effect

of vegetation on albedo or possibly on cloud cover.SW
DJF

net is much better simulated than

SW
JJA

net in absolute terms, when compared with ERA15. The absolute errors inSW
DJF

net are
similar in all simulations with small overestimations in Central and Northeastern Europe (0-15
W/m2) and small underestimations in Southern Europe (0-15 W/m2). However, the relative
errors ofSW

DJF

net have the same magnitude asSW
JJA

net (not shown). Maximum relative errors
occur over Austria and in Northeastern Europe (> 30 %).

All RCMs simulate too littleLW
JJA

net (in absolute terms5) over Northern Europe if compared

to ERA15 data, whereas west of the Black SeaLW
JJA

net is generally overestimated (Fig. 2.8).
Again, CCLM-44 shows the largest errors in summer, which arepositive across most of Europe.
Most of the maxima of the errors inLW net are related to the errors ofT shown in Fig. 2.2 (the
T biases are the same even for the ERA15 period 1979–1993; not shown). Even though the
LW

JJA

net biases have often opposite sign as theSW
JJA

net biases, they are smaller and therefore
only partly compensating the latter, resulting in a underestimation of total net surface radiation.

5Keep in mind thatLWnet is generally negative and, hence, too muchLWnet (in absolute terms) means more
negativeLWnet and positive (negative) errors refer to underestimation (overestimation).
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However, the maximum relative errors ofLW net are of the same magnitude as those ofSW net

(not shown).

2.4.5 Seasonal Mean Climate: Cloud Cover

In this section the simulated total cloud cover (CLCT ) is compared to ISCCP-D2 observations
of total cloud cover. Unfortunately the data is only available for the period July 1983 through
June 2006 and, hence, the following validation ofCLCT is restricted to the period 1984–2000.

In summer the CLM simulations with version 2.4.6 as well as the CHRM show a small
underestimation ofCLCT

JJA
except for Northern Europe whereCLCT

JJA
is strongly over-

estimated (see Fig. 2.9). In CCLM-44 on the other handCLCT
JJA

is overestimated more
strongly and there is only an underestimation in Southern Europe. In winterCLCT

DJF
is

generally overestimated across the whole of Europe, particularly in CCLM-44 and CHRM.
It should be kept in mind that the ISCCP cloud estimation is based on satellite observations

and available with only2.5◦ horizontal resolution. Moreover, the sensitivity of ISCCPand of
the models on clouds is not the same. A comparison of ISCCP with CRU total cloud cover
observations reveals that the latter has slightly smaller values in Central and Eastern Europe in
summer. Therefore, in these areas,CLCT

JJA
is more overestimated in the models if compared

to CRU (not shown).
Except for CLM-44SP low-level, mid-level and high-level cloud cover is also available

from the simulations. We show the absolute values of the meansummer cloud cover for these
three levels in Fig. 2.10, again for the period 1984–2000. Itis striking that CHRM has much
more high level clouds than the CLM simulations, whereas at mid and low-levels CHRM has
less cloud cover. CCLM-44 on the other hand has a similar highlevel cloud cover as the CLM
version 2.4.6 but much more low and mid-level clouds. A discussion of these differences and
how they relate to the discussed biases inCLCT andSW net is provided in Section 2.5.

2.4.6 Seasonal Mean Climate and Seasonal cycle: Evaporation and Ter-
restrial Water Storage Variations

One of the most important tasks of an RCM’s land-surface scheme is the partitioning of the
incoming energy and precipitation into the latent and sensible heat fluxes, and evaporation and
runoff, respectively. Unfortunately, there is no dense long-term network of measurements of
land surface fluxes or soil moisture. The atmospheric water balance approach described in e.g.
Seneviratne et al.[2004] andHirschi et al. [2006a], allows at least to assess the evaporation
(E) or latent heat flux, and the variations of terrestrial waterstorage (TWS) of an RCM on the
river-basin scale (see also Section 2.3.3). The validationof E andTWS presented in this study
is conducted in three large-scale European domains composed of major river basins (for a map
see right panel of Fig. 2.1).

In the top row of Fig. 2.11 the difference between the mean seasonal cycles ofE of the
simulations and of the atmospheric water-balance estimates based on ERA40 and CRU is dis-
played. At the beginning of the winter season until spring,E is overestimated in all simula-
tions and domains. Subsequently CLM-44, CLM-22 and especially CLM-44SP show a distinct
underestimation ofE

JJA
. The CCLM-44 and especially the CHRM have a smaller underes-

timation in summer (all RCMs strongly underestimateE
JJA

for the Danube catchment). The
overestimation ofE in winter and spring could be caused by theSW net overestimation. All
models, but especially the CLM simulations, attain their minimum and maximum values about
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Figure 2.9: The same as in Fig. 2.2 but for model minus ISCCP observationsof CLCT [%] and for
the period 1984–2000.

one month too early compared to the seasonal cycle of the BSWBestimate (not shown). The
mean seasonal cycle of the bias ofE of the CHRM is shifted one or two months towards the
end of the year compared to the CLM simulations for most of thebasins considered inHirschi
et al. [2007] (only three are shown). Consequently,E

JJA
is simulated better compared to the

CLM versions but not necessarilyE at the beginning and the end of the summer season.
The bottom row of Fig. 2.11 shows the differences between themean seasonal cycles of

the absoluteTWS variations of the simulations (composed of soil moisture and snow water
equivalent) and the BSWB estimates. For all simulations andbasins there is a spring and
summer underestimation, and an autumn and winter overestimation. The underestimation of
TWS in spring together with excessive evaporation can be understood in the following way:
E can be either limited by radiation or soil moisture. In theseareas and at that time of the year
radiation is the limiting factor. Hence, soil moisture is not determiningE, but rather vice versa,
and so the excessiveE leads to an excessive deficit ofTWS. At the end of springE starts
to strongly decrease due to the net radiation (Section 2.4.4) and precipitation (Section 2.4.2)
underestimation in summer and/or the excessiveTWS depletion that had taken place in spring
(for the Baltic catchment precipitation is not underestimated in summer and, hence,TWS and
E are only little underestimated). The increase ofTWS in summer with an overestimation
of TWS in autumn and winter may be a consequence of theE

JJA
underestimation and is in

line with the precipitation annual cycle. Again, especially the CLM simulations attain their
minimum and maximum values about one month too early (not shown).

These results are consistent with the detailed investigation of the water balance of the GCM-
driven PRUDENCE simulations conducted byHirschi et al. [2007].

2.4.7 Variability of Temperature and Precipitation

Given their relevance for extreme events [e.g.Scḧar et al., 2004;Seneviratne et al., 2006b] also
the interannual variability of temperature and precipitation are important quantities to validate.
Here, the interannual temperature and precipitation variability of the RCM simulations are
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Figure 2.10: Model cloud cover for CLM-44, CLM-22, CCLM-44 and CHRM for summer period 1984–
2000 [%]. Top row shows high-level clouds, middle row mid-level clouds and bottom row low-level
clouds. Note that CLM-44SP is missing.
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Figure 2.11: Top row: Model minusE (derived from atmospheric water balance) seasonal cycle
[mm/day] for different periods (due to runoff availability). From left to right the following domains
are shown: Northeast European domain (NE; Jan. 1961 - Jul. 93), Danube (DA; Jan. 1961 - Jul. 98)
and Baltic Sea (BA; Jan. 1961 - Jul. 89) catchments. Bottom row: Model minus BSWB estimation of
TWS seasonal cycle [mm]. See Fig. 2.1 for a map of the catchments.

Figure 2.12: The same as in Fig. 2.2 but forσT [K]. Note the different colourbars for summer and
winter.
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Figure 2.13: The same as in Fig. 2.12 but hereCVP is shown [dimensionless].

calculated for the time period 1961–2000 (for winter 1962–2000) using the standard deviation
of seasonal means:

σ2
χ =

1

N − 1

N∑

y=1

(χy − χ)2 , (2.3)

whereσχ is standard deviation of the quantityχ calculated overN years (N is the sample size,
andy denotes the seasonal mean of each year). For precipitation,the error patterns ofσP are
very close to those of the mean (shown in Fig. 2.4) since absolute errors and errors in variability
are largest where the mean is largest. Hence, we normalizedσP to obtain a measure for the
relative errors, called the coefficient of variance (CVP = σP /P ). Typical values ofσT are 0-3
K (e.g. seeVidale et al., 2007) and 0-0.6 forCVP depending on the season. We show linearly-
detrendedσT (CVP ) in order to separate interannual from trend induced variability. Similarly
to Scherrer et al.[2005] piecewise linear-detrendedσT (CVP ) were analysed as well, but they
are only slightly smaller than linearly-detrendedσT (CVP ) (except forσJJA

T in the RCMs,
where the mean European average differs by up to≈ 8 %). The difference of non-detrended
σT (CVP ) and linearly or piecewise linearly-detrendedσT (CVP ) is generally small (except for
piecewise linear-detrendedσJJA

T , ≈ 10 %), with detrended values being slightly smaller (see
Table 2.2 for more details).

The top row of Fig. 2.12 shows that all the CLM 2.4.6 simulations exhibit a distinct over-
estimation ofσJJA

T with largest values in Eastern Europe. CHRM and CCLM-44 havesimilar
biases inσJJA

T in Southern Europe (overestimation) and in Northern Europe(underestimation,
particular in CCLM-44). The overestimation ofσJJA

T in Central and Eastern Europe is a well
known problem of current RCMs [Christensen et al., 2007b;Vidale et al., 2007], which may to
some extent be caused by the summer drying problem of most RCMs discussed inHagemann
et al. [2004] (since an enhanced soil moisture limitation may leadto enhanced temperature
variability, Seneviratne et al.[2006b]). In winter (see bottom row of Fig. 2.12) all CLM 2.4.6
simulations underestimateσT in Northeastern Europe with maximum values in Scandinavia,
compared to a small local overestimation in Southern Europe. For CHRM and CCLM-44,
the underestimation in Northern Europe is less pronounced and there are more local spots of
overestimation.
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Fig. 2.13 shows that all RCMs overestimateCV JJA
P in most parts of Europe. In Northern

Europe all RCMs have local spots ofCV JJA
P underestimation (CCLM-44 also in Central Eu-

rope). In winter the error patterns of all RCMs look again similar to each other.CV DJF
P is

generally underestimated in Central and Eastern Europe andoverestimated in Southern Europe
(there are several local spots of under- and overestimationacross Europe).

Additionally for precipitation, the spatio-temporal variations of seasonal mean precipitation
was examined using principal component analysis (PCA) [Wilks, 2006;von Storch and Zwiers,
1999]. Zveryaev[2006] presents an EOF analysis of the whole CRU dataset (1901–2000) for
precipitation. Since our analysis (for the summer period 1961–2000, and the winter period
1962–2000) yielded similar results, we do not present the figures hereafter. The EOFs and
principal components of the RCMs are generally in good agreement with those of CRU. Nev-
ertheless, some discrepancies were found between the RCM simulations and CRU particularly
in summer: EOF1 of CRU shows in phase precipitation variability in Northeastern Scandinavia
and Southern Europe (up to48◦N) compared to opposite variability in Northern Europe. While
EOF1 of the CLM simulations compares well to EOF1 of CRU, EOF1of CHRM has much
less variance over Southern and especially over Northern Europe. EOF2 of CRU shows co-
herent short-term variability over large parts of Europe, probably associated with convection,
and opposite variations only over Northeastern Scandinavia. It is realistically represented in
all CLM versions, whereas CHRM exhibits stronger deviations from CRU. The fraction of ex-
plained variance of EOF1 (CRU:19 %) and EOF2 (CRU:15 %) is strongly overestimated in
CCLM-44 and especially in CHRM.

2.5 Discussion

In this section we reflect on the main biases of the mean climate discussed in the previous
sections and provide possible explanations for them.

The most striking error is theSW
JJA

net underestimation in CLM in contrast to the over-
estimation in CHRM. Possible explanations for this bias areoverestimated absorption and/or
scattering of clouds, aerosols and gases, or else errors in albedo or in the radiation scheme.
The albedo effect plays a minor role in summer, since the surface albedo in the models dif-
fer at most by 1 % (not shown). The radiation scheme is the samein all CLM versions and
in the CHRM model and therefore is not the likely cause for theSW

JJA

net bias. Moreover,
the computation of clear-sky incoming shortwave radiationreveals good agreement at least
for Switzerland and in cloud-resolving mode [Hohenegger et al., 2008], while aerosol load is
too strong and consequently solar radiation too small only over Southern Europe [Hohenegger
and Vidale, 2005]. In Figs. 2.4 and 2.7 we see that CCLM-44 compared to CHRM has more

Table 2.2: Relative difference between linear-detrending and no-detrending (first row), and piecewise
linear-detrending and no-detrending (second row) for European meanσT [%] and CVP [%] for the
CRU observations and the RCMs. First value is for winter and second value for summer.

Measure Method CRU CLM-44 CLM-22 CLM-44SP CCLM-44 CHRM
σT 1 –5.2 / –7.4 –2.5 / –1.7 –2.2 / –1.4 –2.7 / –1.2 –2.7 / –1.0 –2.5 /–2.1

2 –5.8 / –11.8 –3.1 / –9.3 –2.8 / –9.2 –3.0 / –7.2 –3.1 / –9.2 –3.6/ –9.1
CVP 1 –2.8 / –1.4 –2.5 / –1.6 –2.3 / –1.5 –2.7 / –1.3 –2.5 / –1.3 –2.9 /–1.5

2 –4.0 / –3.0 –3.7 / –3.5 –3.5 / –3.4 –3.8 / –3.0 –3.7 / –3.0 –4.3 /–4.4
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P
JJA

but lessSW
JJA

net . Hence, we conclude that the cloud effect is a primary contribution to
the shortwave radiation bias in CCLM-44 and CHRM. An intercomparison of the total model
cloud cover reveals that especially in summer CCLM-44 has upto 20 % more clouds compared
to CHRM in those regions whereSW

JJA

net errors are largest (Western and Northeastern Europe,
see Fig. 2.7). Indeed, a validation of the total cloud cover with ISCCP satellite observations
(see Fig. 2.9) reveals a cloud cover overestimation in CCLM-44 (except for Southern Europe).
This cloud cover overestimation in CCLM-44 is partly responsible for the underestimation in
summer evaporation in CCLM-44 (Section 2.4.6), as well as for the underestimation inT

JJA

(Section 2.4.1). The overestimation inP
JJA

(Section 2.4.2) is in agreement with the cloud
cover overestimation and the underestimation inT

JJA
. Paradoxically in CCLM-44, where the

total net radiation is smallest in summer, the evaporation is less underestimated than in the
CLM 2.4.6 simulations. This can be understood in terms of differences in energy partitioning
given by the Bowen ratio, that is much smaller in CCLM-44 for most of Europe (except in the
Mediterranean area) compared to CLM 2.4.6 simulations (notshown). The fact that CHRM has
much moreSW

JJA

net than the CLM 2.4.6 simulations but the same amount of total cloud cover,
can be understood by means of the vertical cloud cover distribution (see Fig. 2.10): CHRM has
less mid and low-level clouds but much more high-level clouds, which have a smaller optical
depth. By contrast CCLM-44 has similar high-level but more mid and low-level clouds than
CLM version 2.4.6 and, hence, lessSW

JJA

net . The deficit of mid and low-level clouds in CHRM
in summer is also in line with the positive bias ofGPH at 500 hPa, meaning more anticyclonic
vorticity with subsidence and, thus, less clouds. Note, that the biases ofT , P , E andTWS
shown in Section 2.4 for the reference period of this study (1961/1962–2000) are the same for
the ERA15 period (1979–1993), which was used for the radiation validation.

For the CLM 2.4.6 simulations, the errors can be understood in a similar fashion: The
cloud cover is represented more realistically than in CCLM-44 (see Fig. 2.9) and consequently
SW

JJA

net is less underestimated,T
JJA

is larger (actually too large compared to CRU), andP
JJA

is smaller (actually too small compared to CRU). At least forsummer, differences inT between
the three 2.4.6 simulations are partly determined by differences in land surface specifications
(except for Northern Europe).

In order to assess the errors in CCLM-44 in more detail, threeshort-term sensitivity exper-
iments were performed for the period 1980–1983 (the resultsfor T andP are shown in Fig.
2.14):

1. The cloud bias might be caused by the different cloud coverparametrisations in CLM
and CHRM, and also by the differences in the precipitation schemes. The former assumption
was tested by running CCLM-44 with the same cloud cover parametrisation as CHRM (exper-
iment is called CCLM-44CLOUD). CLM uses the cloud diagnostics parametrization bySlingo
[1987], while CHRM uses theXu and Randall[1996] parametrization, which is said to have
stronger physical basis [Vidale et al., 2003]. The Xu and Randall cloud diagnostics has signifi-
cantly improved the energy and water cycle in CHRM leading toa more realistic representation
of surface temperature and precipitation [Vidale et al., 2003]. Indeed, in CCLM-44CLOUD the
cloud cover decreases throughout all of Europe by≈ 10% in summer. Along with that, there
is an increase inSW net (up to≈ 10 − 15 Wm−2) and a decrease inLW net (< 10 Wm−2)
and, hence, only a slightly better agreement with the observations of total net radiation (+
≈ 0 − 5 Wm−2, not shown). Therefore, temperature and precipitation biases in CCLM-44 do
not improve (see CCLM-44CLOUD in Fig. 2.14).

2. One striking aspect is the large difference between the CLM 2.4.6 simulations (CLM-44,
CLM-22, CLM-44SP) and 4.0 (CCLM-44). One major difference in these model versions is
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in the precipitation scheme, which includes prognostic precipitation and cloud ice in version
4.0. In a second experiment, we tested whether this may be themain source for the large
biases in version 4.0, by running CCLM-44 with the same precipitation scheme as version
2.4.6 (experiment is called CCLM-44PREC). This simulationshows that the cloud cover does
only slightly improve, and the large bias inSW net decreases by≈ 10 Wm−2. As it is shown
in Fig. 2.14,T and especiallyP do improve and the biases lie somewhere between those of
CLM-44 and those of CCLM-44. Hence, theT andP biases in CCLM-44 are partly due to the
precipitation scheme.

3. The third experiment is based on the experience that running CCLM-44 with prognostic
precipitation in climate mode driven with ERA40 can lead to an accumulation of moisture at
the model boundaries (personal communication, H. J. Panitzand A. Seifert, November 2007).
It has been hypothesised that this is due to missing specific rain (qr) and snow (qs) contents
in the ERA40 driving fields, and that this problem might be overcome by a relaxation ofqr
andqs towards zero at the boundaries (experiment is called CCLM-44Q). However, we find for
CCLM-44Q that the biases in cloud cover and net radiation arealmost the same as in CCLM-
44, and thus that the biases inT andP are not markedly decreased either (see CCLM-44Q in
Fig.2.14).

Another reason for the large biases inSW
JJA

net might be induced by the land surface scheme.
Through feedback processes the land surface can effect the cloud cover and vice versa [e.g.
Eltahir, 1998;Scḧar et al., 1999;Betts, 2004]. Especially in summer land surface processes
play a major role for the European climate [e.g.Seneviratne et al., 2006b]. One indication for
this assumption are the differences inSW

JJA

net of CLM-44 compared to CLM-22 and CLM-
44SP, that might be caused by differences in the land surfacespecifications. This was not
assessed here independently of other model modifications (e.g. orography, spectral nudging,
horizontal resolution). However, preliminary results from a shorter simulation (1958–1970)
corresponding to the CLM-44 setup but with the land surface specifications from CLM-22
and CLM-44SP suggests that these can indeed explain some of the differences inSW

JJA

net as

well as inT
JJA

between CLM-44 and CLM-22 or CLM-44SP. Finally, to test if the biases in
CCLM-44 are linked to the numerics, the ERA40 driven CCLM-44simulation was repeated
with Runge-Kutta (default for weather forecasts with COSMO) instead of Leapfrog numerics.
But the patterns and range of biases are not substantially changed.

Note that there appears to be not much additional benefit fromrunning CLM at0.22◦ hori-
zontal resolution compared to0.44◦ for the fields analysed here (at least for long-term climate
simulations at the regional scale), except for more fine-scale precipitation details in complex
orography. Moreover, using CCLM-44 in cloud-resolving mode (2.2 km) for the Alpine region
and for a one month period in summer 2006,Hohenegger et al.[2008] found similar errors
as reported in this study: cloud cover overestimation, shortwave downward radiation under-
estimation, too cold surface temperatures and consequently too little convective precipitation.
Nevertheless, theT

JJA
cold bias as well as the precipitation maxima and the timing in the

diurnal cycle do slightly improve in cloud-resolving mode (at least for the month investigated
in their study).

2.6 Summary and Conclusions

In the present study a detailed validation of mean summer andwinter surface temperature, pre-
cipitation, cloud cover, circulation, radiation, evaporation and terrestrial water storage in long-
term CLM simulations is performed using reanalysis data from ECMWF and observational data
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Figure 2.14: Sensitivity experiments showingT
JJA

[K] (top row) and P
JJA

[mm/day] (bottom row)
biases for period 1980–1983. From left to right: CLM-44, CCLM-44, CCLM-44CLOUD, CCLM-
44PREC and CCLM-44Q minus CRU.

from CRU and ISCCP. Additionally, the interannual variability of temperature and precipita-
tion is validated. We use three CLM simulations performed for the EU-project ENSEMBLES
with the model version 2.4.6. Furthermore, simulations with the CHRM model as well as with
a beta-version of the latest CLM version 4.03 are used for comparison. All simulations are
driven at the lateral boundaries with ERA40 reanalysis dataand validated for the time periods
1961–2000 (summer) and 1962–2000 (winter). Key results of this study are as follows:

1. In summer, CLM 2.4.6 simulations have a warm bias in Southeastern and Southern
Europe, whereas CCLM-44 shows a strong cold bias for most parts of the model domain. The
winter temperatures in all RCM simulations are generally underestimated except in Northern
Scandinavia.

2. All RCMs underestimateP
JJA

especially in Eastern Europe, whereasP
DJF

is underes-
timated in Southern Europe, the Alps, and at the European west coasts, and overestimated in
Central Europe. CCLM-44 overestimatesP in large parts of Scandinavia and Central Europe,
except in Southeastern Europe where we find an underestimation in summer.

3. Beside small positive biases over the Mediterranean in winter and summer and negative
ones over Central Europe in winter,GPH500 is realistically represented in all CLM simula-
tions, particularly when using spectral nudging. CHRM has apositive bias in summer over
Central Europe.

4. The most serious biases occur for surfaceSW
JJA

net , which is strongly underestimated
particularly in Northern Europe in all the CLM versions (especially in CCLM-44). In con-
trast, CHRM simulates a strong positive bias in Central and Eastern Europe. These errors are
associated with an overestimation ofCLCT

JJA
in CCLM-44 and with a different vertical dis-

tribution of clouds in CHRM compared to CLM. In winter the absolute errors ofSW net are
much smaller than in summer, in contrast to the relative errors with maxima over Northeastern
Europe and Austria. Errors inSW net are only partly compensated by errors inLW net, causing
total surface net radiation to be underestimated.
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5. In late winter and spring,E is overestimated (due toSW net overestimation) causing,
together with aP

JJA
underestimation, a deficit inTWS

JJA
. In summer and autumn,E is

underestimated (due to summerSW net andTWS underestimations) causing, together with
precipitation excess in autumn and winter,TWS to be overestimated in autumn and winter.

6. All CLM 2.4.6 simulations overestimateσJJA
T particularly in Eastern Europe, whereas

CCLM-44 and CHRM overestimateσJJA
T in Southern Europe. All simulations underestimate

σDJF
T in Northeastern Europe.CV JJA

P is overestimated in all RCMs in most parts of Europe
andCV DJF

P is often underestimated (except in Southern Europe).
7. The cloud cover overestimation and moist bias in CCLM-44 are likely responsible for the

largeSW
JJA

net underestimation and consequently for the underestimationof E
JJA

andT
JJA

.

The overestimation ofP
JJA

is in agreement with these biases (the other RCMs show also
similar relationships between the cloud cover,SW net, E, P andT biases). Shorter simulations
with CLM 4.0 suggest that by using a more physical cloud diagnostic, biases in the radiation do
slightly decrease, whereas changes inT

JJA
andP

JJA
are rather small. Moreover, they show

that theT
JJA

andP
JJA

biases in CCLM-44 are at least to some extent due to the prognostic
precipitation scheme with cloud ice.

In conclusion, CLM appears to perform similarly to other state-of-the-art RCMs in Europe
(e.g. GCM-driven PRUDENCE simulations), but still presents significant biases especially in
its latest version CLM 4.0. An important task for the CLM community should be the further
investigation and reduction of these model biases. This will require a detailed analysis of
physical parametrisations and their interaction within the model. In particular convection [e.g.
Hohenegger et al., 2008;Brockhaus et al., 2008], land surface processes [e.g.Seneviratne et
al., 2006b] and cloud formation may be critical in this respect.Moreover, version 4.0 needs still
to be tuned and optimized for application as a RCM at lower resolutions than those typically
used for weather forecasts.
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2.7 Supplementary Material - Sensitivity on External Pa-
rameters

Note that this section is not part of the paper presented in the previous sections [Jaeger et al.,
2008].

2.7.1 Introduction

Beside the nudging technique there are other differences between the three ENSEMBLES
ERA40-driven long-term simulations CLM24644, CLM24622 and CLM24644 SP used in
Jaeger et al. [2008]. The main differences are in the processing of the external parameters
such as leaf area index (LAI), orography and soil type. Therefore, in the previous sections, it
was not possible to unambiguously assess the influence of spectral nudging or higher spatial
resolution on model performance.
In order to be able to quantify the influence of the differences in the external parameters on
the differences between CLM24644, CLM24622 and CLM24644 SP, a forth simulations
was carried out by Ivonne Anders (GKSS). It is a 13-year simulation (1958-1970) using the
same model set up as for CLM24644 but with the external parameters from CLM24622 and
CLM246 44 SP. This simulation will be referred to as CLM24644 surf and it is directly com-
parable to CLM24622 and CLM24644 SP. Therefore, differences in these three simulations
are only due to differences in resolution (CLM24644 surf versus CLM24622) or due the
nudging technique (CLM24644 surf versus CLM24644 SP).
We show biases for the summer and winter period 1961-1970 forthe following quantities (sim-
ilar to Jaeger et al.[2008], except for ERA40 instead of ERA15 for the radiation):

• seasonal mean 2m-temperature against CRU

• seasonal mean precipitation against CRU

• seasonal mean shortwave net radiation against ERA40

2.7.2 Results

Temperature: As one would expect, CLM241144 and CLM241144 surf are very similar in
winter, whereas in summer the differences in the external parameters have a much larger effect
on the European climate. Even in Northern Europe differences occur, but generally the effect is
largest in Southern Europe. In these areas soil moisture availability and thus evapotranspiration
(both affected by the external parameters like for instance: LAI, root depth, plant cover etc.)
are key parameters for the summer climate. Summarizing, differences in the horizontal resolu-
tion and the nudging have a very small effect on the mean temperature, whereas in summer the
effect of the external parameters is substantial (primarily in Southern Europe).

Precipitation: There is an influence of the external parameters also on precipitation, but it
is quite small and again mostly only present in summer. The difference in horizontal resolution
has a small impact on the mean precipitation (CLM241144 surf versus CLM241122) whereas
the spectral nudging simulation is much drier throughout the whole year (CLM241144 surf
versus CLM241144SP).
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Figure 2.15: Top row: model minus CRU observations ofT
JJA

[K] for the CLM246 44, CLM24622,
CLM24644 SP and CLM24644 surf (from left to right) for the period 1961-1970. Bottom row: the

same but forT
DJF

.

Figure 2.16: The same as in Fig. 2.15 but forP [mm/day].
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Figure 2.17: The same as in Fig. 2.15 but for model minus ERA40 observations ofSW [Wm−2] for the
period 1961-1970.

Radiation: Similar as for temperature and precipitation the effect of the external parameters
is not visible for the winter shortwave net radiation, whereas in summer there is a large effect.
Roughly estimated, half of the summer differences between CLM2411 44 and CLM241122
or CLM241144 and CLM241144SP are due to resolution and nudging, respectively, whereas
the rest is due to the external parameters.

2.7.3 Conclusions

The effect of the differences in the external parameters between the three ENSEMBLES
CLM2.4.6 simulations is negligible in winter, whereas in summer it explains approximately
50% of the difference in temperature, precipitation and radiation. The rest of the difference
can therefore directly be attributed to spatial resolutionand nudging. Hence, particularly in
summer there is a large impact of land surface processes on the European climate, a fact that
will be further explored in the following chapters of this thesis.
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Analysis of planetary boundary layer fluxes and land-
atmosphere coupling in the Regional Climate Model CLM

Journal of Geophysical Research, 2009, 114, D17106, doi:10.1029/2008JD011658.

Eric B. Jaeger1, R. Sẗockli2, Sonia I. Seneviratne1

Abstract

Land-atmosphere interactions and associated boundary layer processes are crucial elements
of the climate system and play a major role in several feedback processes, in particular for ex-
treme events. In this article, we provide a detailed validation of land surface processes and
land-atmosphere interactions in the climate version of theLokal Modell (CLM), a regional cli-
mate model that has been recently developed and is now used bya wide research community.
For the evaluation of the model, we use observations from theFLUXNET network and meteo-
rological data. Moreover, we also compare the performance of the CLM with that of its driving
data set, the European Centre for Medium-Range Weather Forecasts (ECMWF) operational
analysis, and simulations of the Inter-Continental Transferability Study (ICTS). The results
show that most of the land-atmosphere coupling characteristics are consistent in CLM and the
observations. Nonetheless, the analysis also allows identification of specific weaknesses of the
CLM such as an underestimation of the incoming surface shortwave radiation due to cloud
cover overestimation, leading to an underestimation of thesensible heat flux. The comparisons
with the ECMWF operational analysis and the ICTS models suggest, however, that all models
have biases of comparable magnitude. This study demonstrates the utility of flux observations
for diagnosing biases in land-atmosphere exchanges and interactions in current climate models
and highlights perspectives for our improved understanding of the relevant processes.

1Institute for Atmospheric and Climate Science, ETH Zurich,Switzerland
2Climate Services, Climate Analysis, MeteoSwiss, Zurich, Switzerland
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3.1 Introduction

The future European summer climate is expected to be affected by severe temperature and
precipitation changes in the mean as well as in the variability [IPCC, 2007, and references
therein]. Associated with the simulated changes in variability, climate scenarios project major
changes in temperature extremes [e.g.,Scḧar et al., 2004; Seneviratne et al., 2006b;Vidale
et al., 2007; Kjellström et al., 2007; Lenderink et al., 2007], as well as in precipitation ex-
tremes [Christensen and Christensen, 2003;Frei et al., 2006], both of which have significant
socioeconomic impacts. The underlying mechanisms for changes in extremes are partly linked
to changes in large-scale circulation [Meehl and Tebaldi, 2004;Pal et al., 2004], as well as
effects of clouds on the surface radiative forcing [Lenderink et al., 2007]. However, several
investigations have shown recently that land-climate interactions also play a key role for these
projections [Seneviratne et al., 2006b;Vidale et al., 2007].

Interactions at the interface between the land surface, theplanetary boundary layer (PBL),
and the overlying atmosphere (hereafter “land-PBL-atmosphere interactions”) are a key aspect
not only for changes in future climate but already for the current climate state in transitional
climate regions [e.g.,Betts, 2004;Koster et al., 2004a;Seneviratne et al., 2006b;Seneviratne
and Sẗockli, 2008]. Of particular importance for land-PBL-atmosphereinteractions are clouds,
which couple the energy and the water cycles and are still a major source of uncertainty in
current climate models according to the latest IPCC report [IPCC, 2007]. Over land the cloud
cover together with the availability of water for evapotranspiration (E) strongly influences the
surface energy budget. Clouds themselves are partly influenced by the availability of water
for E, the lifting condensation level, and partly by the large-scale convergence of moisture
[Betts, 2007]. The availability of water for E over land is primarily linked to precipitation and,
hence, again to clouds. The land-PBL-atmosphere coupling involves the numerous complex
interactions and feedbacks linked to local soil moisture (SM), cloud, and PBL processes, as
well as large-scale dynamics. While possible impacts of SM on temperature are relatively
well established [e.g.,Koster et al., 2006;Seneviratne et al., 2006b;Fischer et al., 2007a,b],
there are higher uncertainties regarding the impact of SM onprecipitation, especially related
to convective precipitation and PBL stability [Findell and Eltahir, 2003a,b;Ek and Holtslag,
2004;Koster et al., 2004a, 2006;Hohenegger et al., 2009].

There are several diagnostics to quantify the whole land-PBL-atmosphere coupling or parts
of it. For instance, a simple diagnostic was proposed bySeneviratne et al.[2006b] for diag-
nosing soil moisture-temperature interactions. They express the sensitivity of E on SM by the
correlation of E and 2m-temperature (T2M ), ρ(E,T2M ). Negativeρ(E,T2M ) are indicative of
strong soil moisture-temperature coupling, whereas positive ρ(E,T2M ) are generally associated
with an atmospheric control on E. A recent study byKoster et al. [2009] similarly expresses
the sensitivity of E to SM using simple indices based on temperature binned by precipitation.
In the work ofEk and Holtslag[2004] an equation for the relative humidity tendency at the
PBL top is proposed, which allows to examine the role of SM andother factors on PBL cloud
development. Finally, there is the methodology introducedby Alan K. Betts [Betts, 2004;Betts
and Viterbo, 2005;Betts et al., 2006;Betts, 2007], that uses PBL quantities to organize the data
(hereafter referred to as Betts analysis).

Owing to the relevance of land-PBL-atmosphere interactions for climate extremes, it is
important to validate the associated processes with groundobservations. Surface flux and
SM observations, which are crucial for the validation of therelevant processes, are unfortu-
nately very limited both in space and time. FLUXNET observations [e.g.,Baldocchi et al.,
2001;Baldocchi, 2008], which provide observations of water, energy and carbon fluxes based
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on eddy-covariance measurements over several years, represent a new means to evaluate how
land-PBL-atmosphere interactions behave for a particularclimate regime, and to validate such
processes in a climate model.

In this paper, we illustrate how FLUXNET data can be used for the evaluation and valida-
tion of land-atmosphere exchanges and interactions in current climate models. The focus is set
on the evaluation of the CLM, a community regional climate model (RCM) used in several re-
search institutions across Europe (http://www.clm-community.eu/). The analyzed simulations
cover the time period 2002-2005 and are performed over the European continent. Some of the
analyses are also extended to the driving model used as boundary condition for the simulations,
the IFS forecast analysis (ECMWFop) from the European Centre for Medium-Range Weather
Forecasts (ECMWF). Similar analyses could be performed with a larger number of climate
models, provided the necessary output data are available.

While grid point validation with observations can provide useful information, it is always
unclear whether grid cell model biases can be regarded as representative for larger regions. In
our study, we search for systematic model characteristics across climate regimes using data
from 12 FLUXNET sites. We focus in particular on the Hyytiälä, Vielsalm and San Rossore
sites as representative for the northern European boreal climate, central European temperate
climate, and southern European mediterranean climate, respectively (Fig. 3.1). Since land-
surface processes play an important role primarily in summer, the analysis is mainly focused
on the warm season.

The paper is organized as follows: Section 3.2 presents the data sets and the general method-
ology applied in this study. Then, in Section 3.3, the surface fluxes of CLM and ECMWFop
are validated. Section 3.4 addresses the links between surface, PBL and cloud processes by
stratifying the data by soil moisture and cloud cover on bothmonthly and daily time scales.
Finally, the main results are summarized in Section 3.5.

3.2 Data and Methodology

3.2.1 Data: Models

CLM

We investigate here the CLM RCM, which is the climate versionof the COSMO model (COn-
sortium for Small-scale MOdeling) employed by several European weather services for numer-
ical weather prediction. Our model configuration is similarto that used for the EU-FP6 project
ENSEMBLES [Jaeger et al., 2008]: CLM 2.4.11 with 0.44◦ (≈ 50 km) horizontal resolution,
32 levels in the vertical, 10 soil layers, and a model time step of 240 s. (Jaeger et al.[2008]
use CLM version 2.4.6, which is basically the same as the version used in this study. Addi-
tionally, we have corrected for the missing restriction of evapotranspiration below the plant
wilting point.) The domain covers the entire European continent, from Iceland to the Black
Sea, and from northern Africa to northern Russia (see Fig. 3.1 for a map). The setup uses
external parameters derived from AVHRR data for the vegetation parameters (leaf area index,
plant cover and root depth) and from the FAO 1995 digital soilmap for soil types (9 classes
in CLM). Lateral boundary conditions are derived from ECMWFop, whereas the initial con-
ditions correspond to the climatological values of a long-term CLM simulation driven with
ERA40 reanalysis [Uppala et al., 2005] to ensure that the model is approximately within its
equilibrium.
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Our CLM configuration uses Leapfrog numerics, a radiative transfer scheme based on work
by Ritter and Geleyn[1992],Tiedtke[1989] convection based on a moisture-convergence clo-
sure, vertical turbulent diffusion using prognostic TKE [Raschendorfer, 2001], and a second-
generation multilayer soil model TERRA-ML (BATS) [Schrodin and Heise, 2002] with both
bare-soil evaporation and transpiration being calculatedfollowing Dickinson [1984]. More
details on the model dynamics and physics are available fromSteppeler et al.[2003] and
Will et al. [2009]. In addition, model documentation, source code and community informa-
tion can be found on the CLM (http://www.clm-community.eu/) and COSMO (http://cosmo-
model.cscs.ch/) web pages.

ECMWFop

The ECMWFop data set is used for the lateral boundary conditions of the CLM simulation.
Moreover, it is also validated here against observations and compared to CLM, using monthly
mean fields from the ECMWF MARS archive (http://www.ecmwf.int/services/archive/). The
underlying model of the ECMWFop for the period 2002-2005 is the IFS model using a 4D-Var
data assimilation technique, a horizontal resolution of TL511 and 60 levels in the vertical on
a hybrid sigma-pressure coordinate (in its latest version,IFS CY31r1, the resolution is TL799
with 90 levels). However, in contrast to the ERA40 reanalysis, the model used to calculate
ECMWFop is continuously being adapted to the latest model developments (changed twice
within the period of interest, i.e., 2002-2005).

ICTS Model Simulations

To compare the performance of CLM to other state-of-the-artRCMs, data from the GEWEX-
CEOP ICTS project (Inter-Continental Transferability Study) is analyzed here for the period
2002-2003 [e.g.,Rockel et al., 2006; Takle et al., 2007]. The following NCEP2 reanalyses
driven models were used: CLM (simulation from GKSS ResearchCentre, Germany), CRCM
(OURANOS, Canada), GEM-LAM (RPN/MSC and University of Quebec, Canada), and the
RSM (Experimental Climate Prediction Center, U.S.). The ICTS CLM simulation slightly
differs from the one that we have performed: version 2.4.6, NCEP2 reanalysis boundary data,
spectral nudging and ECOCLIMAP vegetation parameters. Detailed information on the models
and their setup can be obtained from http://icts.gkss.de.

3.2.2 Data: Observations

FLUXNET

For the model validation and the process analysis, we use measurements from the FLUXNET
Level 2 flux tower data sets listed in Table 3.1 (for more details, e.g., concerning the instru-
ments, we refer the reader to the respective publications and references therein, or to the official
FLUXNET homepage http://www.fluxnet.ornl.gov). In total,data from 12 stations are assessed
covering a range of different climatic regimes, though the main focus is on the Hyytiälä, Viel-
salm and San Rossore sites (with the exception of Fig. 3.6). The selection of the stations is
based on maximum spatial and temporal data coverage across Europe. None of the validation
data were gap-filled and comparison to the model output is only done at times when no gaps
occur. In contrast to the study ofSẗockli et al. [2008], no u⋆-screening for measurement error
reduction was performed owing to the fact that some of the data used in this study are not
available on submonthly or subdaily resolution. (In order to account for biases in LE and H
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Figure 3.1: Domain of the CLM simulation with topography (meters). The European FLUXNET sites
used in this study are labeled on the map. The three main focussites are San Rossore (mediterranean
climate), Vielsalm (temperate climate), and Hyytiälä (boreal climate).

measurements during periods of low turbulence, it is a common approach to compare model
to measurements only for times when the u⋆ value (friction velocity) is large [Schmid et al.,
2003;Sẗockli et al., 2008]. This procedure reduces the systematic error in measured surface
fluxes due to failure in energy balance closure.) Moreover, appropriate choice of u⋆ values is
not straightforward. However, a comparison of FLUXNET and CLM fluxes with and without
u⋆-screening reveals no systematic differences in the results, beside generally larger fluxes for
u⋆-screened data. We assess amplitude errors only in the first part of the study (Figs. 3.2, 3.3,
and 3.5). Therefore, the systematic error due to the well-known failure in energy balance clo-
sure of the eddy-covariance measurement technique (for a concise review on this problematic,
seeFoken[2008]) has been estimated by adding the residual of the energy balance closure for
each site to the surface fluxes according to the Bowen ratio (B; see shaded area in Figs. 3.2,
3.3, and 3.5). (Though some studies report larger systematic measurement errors for LE than
for H [e.g.,Finkelstein and Sims, 2001], correction of closure according to B is a reasonable
approach in the absence of complementary information [Twine et al., 2000].) The residual was
calculated from a robust linear regression of hourly observed net radiation (RN) versus LE, H
and ground heat fluxes [Wilson et al., 2002;Sẗockli et al., 2008]. Beside this systematic error,
random measurement errors in turbulent surface fluxes were estimated on the basis of empirical
findings byRichardson et al.[2006] and are displayed as error bars in Figs. 3.2, 3.3, and 3.5.

Basin-Scale Estimation of Evapotranspiration

Evapotranspiration is alternatively calculated using theatmospheric water-balance equation
for individual catchments [e.g.,Yeh et al., 1998; Hirschi et al., 2007; Jaeger et al., 2008]
using precipitation from the E-OBS gridded dataset (see below) and further estimates from the
ECMWF model (Fig. 3.4). Regarding atmospheric water balance estimates based on ECMWF
data, see, for example,Seneviratne et al.[2004] andHirschi et al. [2006a,b], and regarding
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Table 3.1: Overview of the flux towers used in this study, with the main focus sites denoted in bold.

Site and Short Lon Lat Alt Biome Years Climate
Reference [◦E] [◦N] [m] type zone (Köppen)

BilyKrizForest [Reichstein et al., 2005] CZBK1 18.54 49.50 908.0 Evergreen 2002-2005 Hemiboreal (Dfb)
CastelPorziano [Reichstein et al., 2002] ITCpz 12.38 41.71 68.0 Evergreen 2002-2005 Mediterranean (Csa)
Sarrebourg [Granier et al., 2000] FRHes 7.06 48.67 300.0 Deciduous 2002-2005 Maritimetemperate (Cfb)
Hyyti älä [Suni et al., 2003] FIHyy 24.29 61.85 181.0 Evergreen 2002-2005 Boreal (Dfc)
Kaamanen [Laurila et al., 2001] FIKaa 27.30 69.14 155.0 Wetland/Tundra 2002-2005 Boreal (Dfc)
Puechabon [Reichstein et al., 2002] FRPue 3.60 43.74 270.0 Deciduous 2002-2005 Mediterranean (Csa)
Renon [Marcolla et al., 2005] ITRen 11.43 46.59 1730.0 Evergreen 2002-2005 Hemiboreal (Dfb)
SanRossore[Reichstein et al., 2005] ITSRo 10.29 43.73 4.0 Evergreen 2002-2005 Mediterranean (Csa)
Sodankyla [Hatakka et al., 2003], FISod 26.64 67.36 180.0 Evergreen 2002-2005 Boreal(Dfc)
Vielsalm [Aubinet et al., 2001] BEVie 6.00 50.31 450.0 Mixed 2002-2005 Maritime temperate (Cfb)
Amplero [Gilmanov et al., 2007] ITAmp 13.61 41.90 884.0 Grassland 2002-2005 Humid subtropical (Cfa)
Fedorovskoje [Milyukova et al., 2002] RUFyo 32.92 56.46 265.0 Evergreen 2002-2005 Hemiboreal (Dfb)

a discussion of the associated uncertainties we refer the reader toJaeger et al. [2008] and
references therein.

E-OBS

For the derivation of the atmospheric water balance estimates of E, as well as for the analysis
of the 2003 European summer heat wave (see Fig. 3.10), the gridded E-OBS precipitation and
T2M data from the EU-FP6 project ENSEMBLES were used [Haylock et al., 2008].

3.2.3 Analysis Methodology

In the analysis, we mainly focus on the evaluation of the model data with the FLUXNET
measurements. The comparisons were done by taking the closest model land grid point to the
FLUXNET sites. We did additional tests using a weighted average of the surrounding grid
cells, but did not find marked differences in the results (notshown). For the comparison with
the atmospheric water balance estimates, the model data were aggregated on the corresponding
river basins.

First, in Section 3.3, we validate the mean seasonal and diurnal cycles of RN, LE and H
of CLM using data from FLUXNET. We analyze amplitude as well as phase-shift errors. The
seasonal cycle is additionally compared to the ECMWFop and the ICTS models, and in the
case of E compared to the atmospheric water balance estimates. Then, in a second part (Sec-
tion 3.4), we assess if CLM and ECMWFop reasonably representthe land-PBL-atmosphere
coupling compared to FLUXNET data. For this, we use the coupling diagnostic proposed by
Seneviratne et al.[2006b] for soil moisture-temperature coupling, and follow the Betts analysis
regarding temporal relationships between variables at theland-PBL-atmosphere interface (see
Section 3.1). In the latter analyses, we use soil moisture (SM) and cloud albedo (αcloud) to or-
ganize the data. Using the organized data, the coupling of SMandαcloud to the meteorological
quantities RN, LE and H is diagnosed. We refer here to correlation relationships as “coupling”,
though one should note that, owing to the complexity of the climate system, causality is never
clear. Here are the main rationales for focusing on SM andαcloud:
1. Soil moisture (SM) is often the main quantity limiting E and, hence, controlling the parti-
tioning of incoming energy into LE and H. We use the followingSM index in order to get a
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meaningful quantity to compare model data against observations for a range of different climate
zones,

SMI =
SM − SMmin

SMmax − SMmin

, (3.1)

whereSMmax andSMmin denote the maximum or minimum SM value of the model or the
observations (wherever the analysis is based on daily values, SMI is calculated from daily SM
values, otherwise from monthly means).
2. Cloud albedo (αcloud) will be used as a quantitative measure of the cloud field. Clouds are
fundamental quantities of the climate system, owing to their strong impact on surface radiation.
The latter again feeds back on clouds via surface heat and moisture fluxes. We ignore multiple
reflections and calculateαcloud afterBetts et al.[2006],

αcloud = 1 −
SW all

dn

SW clear
dn

, (3.2)

with 0 < αcloud < 1. This transformation removes the large seasonal variationof clear-sky
fluxes associated with changing solar zenith angle. Note that this definition does not only
include radiation reflection (albedo) but also absorption within the cloud. (Clear-sky fluxes (S)
were estimated both for model and observations usingS = S0 cos(z) T m, whereS0 denotes
the solar constant (1368.0 W/m2), z the zenith angle,T the atmospheric transmittance (0.82)
andm the relative optical air mass according to a formulation based on work byYoung[1994].
The zenith angle is calculated depending on position (latitude, longitude and height) and time
afterReda and Andreas[2003].)

The relative humidity (RH) is another key PBL quantity and linked to several PBL pro-
cesses. As shown in the investigations ofBetts et al. [2006] andBetts[2007], near-surface
RH is closely related to the height of the lifting condensation level, which is an estimate of the
mean height of the cloud base, and therefore to the processesthat control the equilibrium of the
PBL on daily timescales. However, since RH, SM andαcloud have a quasi-linear relationship,
stratification by RH gives similar results as for SM orαcloud, and will therefore not be shown
hereafter.

3.3 Validation of Surface Fluxes

This section presents the validation of the surface fluxes inCLM. First, in Fig. 3.2, we display
the mean seasonal cycle of RN, H, LE and B in CLM and ECMWFop forthe time period
2002-2005. The CLM seasonal cycle is compared to that of the ICTS models for the period
2002-2003 in Fig. 3.3, and it is also independently evaluated with atmospheric water-balance
estimates (see Section 3.2.2) in Fig. 3.4. In addition, we provide an analysis of the diurnal
cycles of RN, H, LE and B in CLM in Fig. 3.4. The main focus is on the boreal climate site
Hyytiälä, the temperate climate site Vielsalm and the mediterranean climate site San Rossore,
but a summary of CLM biases at all sites is provided in Fig. 3.6.

3.3.1 CLM Seasonal Cycles

A first marked feature of Fig. 3.2 is the systematic underestimation of RN in CLM, which
can be attributed to an overestimation of total cloud cover as already discussed byJaeger et
al. [2008]. Interestingly, the missing incoming energy is not equally distributed onto LE
and H. If random and systematic measurement errors are takeninto account, it can be stated
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Figure 3.2: From left to right: mean seasonal cycle of RN, H, LE (all in Wm−2), and (d) B (no unit)
at (top) Hyytïalä, (middle) Vielsalm, and (bottom) San Rossore for the years2002-2005. Shown are
FLUXNET observations (grey line), ECMWF (black dashed line), and CLM (black solid line) model
data. The error bars are a rough estimate of the random measurement error, and the grey shadings
indicate a rough estimate of the systematic error due to non-closure of the energy balance. Additionally,
the phase-shift error is shown by vertical lines (top numberis for ECMWF, and bottom number is for
CLM).

that H is underestimated in CLM (primarily in summer), whereas LE is generally within the
uncertainty range and, hence, that B is slightly underestimated. Two sites show a different
behavior (Fig. 3.6): At Amplero CLM overestimates H and strongly underestimates LE (likely
owing to the drying out of soils in summer), and at Kaamanen CLM overestimates RN and also
underestimates LE (note that both stations have a large fraction of missing data values in the
observations). The systematic bias in B is in line with findings of a recent study byBrockhaus et
al. [2008] using a similar CLM setup: Several central European profiles show a cold and often
also moist bias throughout the PBL in summer if the Tiedke convection scheme with moisture
convergence closure is used. Other convection schemes or closures give more realistic PBLs,
though often for the wrong reason and at the expense of the precipitation performance.

Despite the uncertainty in the absolute magnitude of eddy-covariance measurements, the
timing and phase of the seasonal cycles can be analyzed. The general course looks reason-
ably good for the CLM fluxes. The phase-shift error is quantified by defining the peak of the
seasonal cycle as the time at which half of the total RN, H or LEflux has been measured or
modeled (calculated by the area below the curve). For the mean seasonal cycles no systematic
phase-shift errors can be identified (indicated in Fig. 3.2 by decimal months). However, there
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is a tendency for H to have a positive and LE to have a negative phase-shift error compared to
FLUXNET observations. This appears to be due to a too early onset of the vegetation period in
spring, though the phase shifts are usually small for LE (< 0.4 months) but for some stations
quite large for H (≈ 1 month).

3.3.2 Comparison with ECMWFop and ICTS Models
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Figure 3.3: Same as Fig. 3.2 but including the mean of the ICTS models and the respective maximum
and minimum monthly value for the years 2002-2003.

Figure 3.2 also shows the corresponding curves of RN, H, LE and B for ECMWFop. Again
the closest land grid point was chosen for the analysis. Generally, ECMWFop produces a more
accurate seasonal cycle of RN than CLM, although RN is still systematically underestimated.
This could be partly attributed to aSWdn underestimation of the ECMWF model. A compar-
ison to data from the Global Energy Balance Archive (GEBA) observational data set [Gilgen
and Ohmura, 1999] indicates indeed such an underestimation for most parts of Europe (not
shown). Because of the smaller bias in RN, H is closer to the observed values for most sta-
tions in ECMWFop, but similarly to CLM usually below the FLUXNET observations. LE in
ECMWFop is close to that of CLM and within the measurement uncertainty. In general, H and
particularly LE are both smaller in CLM than in ECMWFop owingto the strong RN underesti-
mation in CLM. The ECMWFop B is similar to that of CLM (underestimation), but somewhat
closer to the observations (in general slightly larger except for southern Europe in summer).
Akin to what was identified for CLM, there is a tendency in ECMWFop for H to have a posi-
tive and LE to have a negative phase-shift error compared to the FLUXNET measurements.
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Figure 3.4: Validation of evapotranspiration (mm d−1) for European river catchments using estimates
based on the atmospheric water balance: (left) France, (middle) Rhine, and (right) Baltic Sea catch-
ments for the years 2002-2005.

In order to evaluate to which extent the CLM biases are of comparable magnitude to that of
other available RCMs, we provide a comparison with the ICTS model simulations in Fig. 3.3.
Figure 3.3 displays the seasonal cycle of CLM, and of the ICTSmodels mean, min and max
values for the years 2002-2003. The RN underestimation is not systematic for the ICTS models
(except in winter), and appears thus to be a specific feature of the CLM model. This can be
partly understood by the total model cloud cover, that is much larger in CLM than in the other
RCMs (not shown) and has a large effect on RN. By contrast, some of the ICTS models (ECPC
and RPNMSC) overestimate RN, particularly in summer. Therefore, the ICTS model mean has
slightly larger values of LE and H than CLM. However, all models appear to underestimate B
(at least in spring and at the beginning of summer). Since theunderestimation of B is rather
small and the measurement errors in LE and H are large and associated with uncertainties, it is
possible that this underestimation is not significant. It appears that all models have a too early
onset of the vegetation period resulting in a too early onsetof LE and delayed onset of H in
spring.

As an alternative source of E observations, we use atmospheric water-balance estimates
(Section 3.2.2) for the following European river basins or regions: the Baltic Sea (northern
Europe), the Rhine river basin (central Europe), and France(aggregation of river basins). As
shown in Fig. 3.4, the seasonal cycle of CLM is in good agreement with this data set. In
contrast, ECMWFop generally overestimates E in summer. TheERA40 reanalysis (based on
a earlier version of ECMWFop) suffers from a similar overestimation of E in the Baltic Sea
catchment (≈ 20%) and in the Danube catchment (≈8-35%) as found byHagemann et al.
[2005]. The ECMWFop modeled E (and consequently LE) also hasa negative phase-shift
error compared to the E estimation of the analyzed catchments (not shown).

In summary, the evaluation of the CLM fluxes suggests that RN is unambiguously under-
estimated, and results in an underestimation of H. LE on the other hand is generally within the
measurement uncertainty of the FLUXNET data, as well as reasonably modeled in comparison
to the atmospheric water-balance estimates. There is, however, strong evidence for a negative
phase shift in LE. The underestimation of H and correct representation of LE result in an un-
derestimation of B. Note that the RN, H and B underestimationcan be partly corrected with an
increase of the minimal stomatal resistance in CLM (not shown). The minimum stomatal re-
sistance is specified as a constant for all soil (/land cover)types in CLM. The German weather
service (COSMO model developer) is currently working on a map for a soil (/land cover) type-
dependent minimal stomatal resistance, with indeed generally larger values than those used in
the CLM version analyzed here (J. Helmert, personal communication, 2008).
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3.3.3 CLM Diurnal Cycles
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Figure 3.5: Same as Fig. 3.2 but for mean diurnal cycles of July and without ECMWF data. Addition-
ally, the phase-shift errors in bold numbers are statistically significant on the 5% level according to a
bootstrap resampling test (500 samples).

In Fig. 3.5 the mean diurnal cycles in July for the period 2002-2005 are shown for CLM
and the FLUXNET observations at Hyytiälä, Vielsalm, and San Rossore. Similarly to the
biases of the mean seasonal cycle, RN is systematically underestimated during daytime for
all months and sites, whereas nighttime biases are varying across sites and months, but are
mostly negative as well. Again, the missing energy is not equally distributed among LE and
H, and mostly affects H. While the LE fluxes are generally within the uncertainty range of the
observations, H is again systematically underestimated during daytime for all months and sites.
As for the seasonal cycle, Kaamanen and Amplero exhibit a different behavior (overestimation
of H, Fig. 3.6). The phase-shift errors in the diurnal cycle are generally larger than for the
seasonal cycles, with phase-shift errors of LE being systematically and (often also significantly
positive (indicated in Fig. 3.5 by decimal hours:≈0-2 h)). The same holds for RN for most
stations and months, whereas phase-shift errors of H are mostly negative. Note that the larger
sample size of July diurnal cycles (4 years times 31 days) compared to the one of the seasonal
cycles (only 4 years) allows for reasonable testing of statistical significance. Therefore, we use
a block bootstrap resampling test by sampling 500 times withreplacement from all July diurnal
cycles (4 × 31).
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Figure 3.6: Same as in Fig. 3.2 (top) and Fig. 3.5 (bottom) but for the CLM bias at the other stations
(see Fig. 3.1) and without error estimates.

3.4 Coupling of Cloud and Surface Processes

In this section we investigate the quality of the modeled coupling of PBL processes in CLM,
and partly also in ECMWFop, and compare the model results to FLUXNET observations. It
is not possible to show the whole suite of diagnostics proposed by the Betts analysis, because
some necessary variables are not available from the observations. However, an additional di-
mension is added in our analysis compared to the mentioned studies, because we investigate the
coupling diagnostics under three different climate regimes (mediterranean, temperate, boreal).
This allows us to account for a further aspect of climate variability than single-site studies. As
stated already byBetts[2007], the land-PBL-atmosphere system is a highly coupledone, and
while the shown results are suggestive of important interactions within the system, they do not
show a clear “direction of causality”. In addition to the Betts coupling diagnostics, we also
investigate soil moisture-temperature coupling in CLM in Section 3.4.1 following a similar
approach to that proposed bySeneviratne et al.[2006b].

3.4.1 Correlation of Temperature and Latent Heat Flux

In Fig. 3.7 we compare the monthly correlation between LE andT2M , ρ(LE,T2M ), in CLM,
ECMWFop and in the FLUXNET observations during the summer months (June, July, Au-
gust). As proposed bySeneviratne et al.[2006b],ρ(LE,T2M ) can be seen as a reverse measure
of soil moisture-temperature coupling, as negative correlations point to a strong control of SM
upon LE and T2M , while positive correlations generally point to a strong atmospheric control
on LE. Note that we apply this coupling diagnostic on a different time scale than in that study,
since we consider here monthly rather than seasonal E and T2M (owing to the short length of the
simulations). However, if the two computation approaches are compared for long-term simula-
tions, no notable differences are found (not shown). For CLM, there is a good agreement with
the observed values ofρ(LE,T2M ), except for the boreal stations Kaamanen, Sodankyla and
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Figure 3.7: Correlation of summer T2M and LE for the period 2002-2005 for CLM (first panel) and
ECMWFop (third panel) and for the period 1959-2006 for CLM (second panel) and ECMWFop (fourth
panel). The circles indicate the corresponding correlations from the FLUXNET observations.

Fedorovskoje. Consistent withSeneviratne et al.[2006b], strongest coupling (negativeρ(LE,
T2M )) is found in the Mediterranean region (e.g., San Rossore),which is a transitional zone
between dry and wet climates. On the other hand, regions withstronger atmospheric control
on LE (positiveρ(LE, T2M )) are located in central Europe (e.g., Vielsalm) and at several spots
in Scandinavia (e.g., Hyytiälä). Though the correlationis based on only 12 summer months
(2002-2005), it is still robust as indicated by the corresponding plot for a longer-term correla-
tion (1959-2006, Fig. 3.7, second panel). For ECMWFop, there is a better agreement with the
observations in northern Europe, whereas there are erroneous correlations compared to central
European stations (e.g., Vielsalm). This might be caused bythe non-robustness of the small
sample correlation (2002-2005) compared to the longer-term correlation (1959-2006) for that
data set (though this was not the case for CLM). Overall, thiscomparison suggests that CLM
has reasonable features regarding monthly soil moisture-temperature coupling in summer. For
a comparison ofρ(LE,T2M ) derived from the PRUDENCE RCMs (http://prudence.dmi.dk/)
with those of CLM seeFischer and Scḧar [2008, Fig. 4].

3.4.2 Seasonal Cycles as a Function of Soil Moisture

Before we start to use daily data to quantify the land-PBL-cloud field coupling, we display the
mean seasonal cycles as a function of SMI (see Eq. (3.1)). Thecurves are more “noisy” than
those presented byBetts and Viterbo[2005] owing to the small sample size (4 years compared
to 12 years in their study). Moreover it should be kept in mindthat SM is a spatially highly
varying quantity and, hence, the question of representativeness is particularly an issue for SM
owing to the large spatial gap between local observations and the climate models.

In Fig. 3.8, mean seasonal cycles of RN, H, LE andαcloud are plotted as a function of SMI
for the period 2002-2005. Again Hyytiälä, Vielsalm and San Rossore are shown as examples
for boreal, temperate and mediterranean climate, respectively. The starting of the arrow denotes
January, the endpoint December, the first cross June and the second July. The numbers in the
lower left corner of each plot in Fig. 3.8 give the respectivecorrelation coefficient (R) for
CLM (black), ECMWFop (dark grey) and the observations (light grey). The correlation was
tested for significance on the 5% level using a randomizationtest. The biases of CLM in RN,
LE and H are again visible, but will not be discussed in more detail hereafter, since we focus
here on the coupling between the processes rather than the mean fluxes. Generally speaking,
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Figure 3.8: From left to right: mean seasonal cycle for the years 2002-2005 of RN, H, LE (all in W
m−2), andαcloud (no unit) as a function of SMI (no unit). The correlation coefficient (R) is given in
the lower left corner of each plot (first number is FLUXNET, second is CLM, and third is ECMWF),
with bold numbers being statistically significant on the 5% level according to a randomization test
(10,000 samples). Shown are (top) Hyytiälä (boreal climate), (middle) Vielsalm (temperate climate),
and (bottom) San Rossore (mediterranean climate).

RN, LE and H are smallest in winter and largest in summer. SM onthe other hand is largest
in winter and smallest in summer only in southern Europe, whereas toward the north this clear
seasonal cycle is reduced. For its part,αcloud is largest in winter and smallest in summer in
southern Europe, but is on the contrary smallest in winter and largest in summer in northern
Europe. The curves are far away from a single path, which is mainly owing to the fact that the
relationship of SM with the other variables varies over time, and in particular as a function of
the seasonal cycle (owing to variations in vegetation activity).

An interesting feature is the stronger coupling of RN, LE andH to SM toward southern
Europe as indicated by the stronger correlations, which also holds for the other sites. This
corresponds well with the stronger coupling between SM and temperature diagnosed in the
Mediterranean fromρ(LE, T2M ) in Fig. 3.7, and with the expected stronger SM-climate cou-
pling in transitional climate regions [e.g.,Koster et al., 2004a;Seneviratne et al., 2006b].

Figure 3.8 (right panels) shows the link between SM andαcloud. In central and northern
Europe,αcloud does not appear to be determined by SM, suggesting a strongerinfluence of
the (chaotic) large-scale circulation in these regions. However, in southern Europe, these two
quantities are again strongly coupled: In winter, the modeland observations are characterized
by high SM conditions and high cloud cover (highαcloud); in summer, on the other hand, they
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display low SM conditions and low cloud cover (lowαcloud). It is possible that the summer
decrease in cloud cover is due to a positive feedback betweenSM and precipitation (lower
SM leading to lower precipitation [see, e.g.,Eltahir, 1998;Scḧar et al., 1999;Betts, 2004]).
However, one cannot exclude the other direction of causality, i.e., lower cloud cover caused by
the large-scale circulation leading to higher E and low SM content.

3.4.3 Effects of Soil Moisture Limitation
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Figure 3.9: Mean seasonal cycle (without cold season period) of (left)SWdn, (middle) H, and (right)
LE scaled bySW clear

dn (all in W m−2) as a function of SMI (no unit). Shown is only San Rossore for
the years 2002-2005. The LE/SWclear

dn plot additionally gives LE scaled bySW clear
dn for the year 2003

(exceptional summer heat wave) and LE scaled bySW clear
dn but without soil moisture limitation (CLM

simulation with removed interannual variability of SM (IAV)).

Now we would like to explore whether SM has a limiting effect on LE during summer in
southern Europe. RN and SM are the two quantities that mainlydetermine LE on climatic
time scales. In contrast to the dependency of LE on SM discussed beforehand, the dependency
on RN is almost linear with a small hysteresis effect (not shown). In southern Europe LE is
strongly decreasing from June to August associated with decreasing SM, whereas RN is almost
constant for this period (see Fig. 3.8, bottom). This is an indication for a limiting effect of SM
on LE in dry climate regions, which is indeed consistent withthe results diagnosed withρ(LE,
T2M ) in Fig. 3.7. In order to visualize this effect more clearly,Fig. 3.9 displays LE scaled by
clear-sky shortwave downward radiation (SW clear

dn ) as a function of SMI, which removes the
dependence on the solar zenith angle. LE is positively correlated with SM in summer in south-
ern Europe, whereas the corresponding scaledSWdn and H fluxes are negatively correlated
with SM (see Fig. 3.9, left and middle) as a consequence ofαcloud increasing with SM (see
Fig. 3.8). This is suggestive of a cloud-radiation-surfacecoupling, with drier soils in southern
Europe leading to less LE and less cloudy PBLs and, hence, moreSWdn and H at the surface,
though, as mentioned earlier, the direction of causality cannot unambiguously be established.
Note that this limiting effect of SM on LE is particularly strong for the exceptional 2003 heat
wave and drought [e.g.,Scḧar et al., 2004;Andersen et al., 2005;Granier et al., 2007] (see Fig.
3.9, right). The strong T2M anomaly during the 2003 summer and its representation in CLM,
ECMWFop and in the E-OBS observations is depicted in Fig. 3.10. Figure 3.10 shows that
both CLM and ECMWFop correctly capture the heat wave, which requires some correct rep-
resentation of SM limitation [e.g.,Fischer et al., 2007a,b]. Moreover, a corresponding CLM
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Figure 3.10: The 2003 summer mean T2M anomaly of (left) CLM, (middle) ECMWFop, and (right)
E-OBS with respect to 1960-1990. Black solid contours indicate negative anomalies.

simulation with prescribed high SM conditions (removed interannual SM variability (CLM-
IAV), i.e. prescribed climatological SM) does not show a limiting effect of SM on LE in dry
periods, since SM is always above the plant wilting point (see Fig. 3.9, right). These overall
results suggest that the land-PBL-atmosphere coupling is reasonably represented in CLM and
also in ECMWFop.

3.4.4 Seasonal Cycle of Net Radiation and Cloud Albedo Biases
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Figure 3.11: Mean seasonal cycle of theαcloud (no unit) bias (lefty axis, black line) and RN (W m−2)
bias (righty axis, grey line). Shown are (left) Hyytiälä, (middle) Vielsalm, and (right) San Rossore for
the period 2002-2005.

Before discussing the coupling of the surface energy budgetcomponents with PBL quanti-
ties on the daily time scale, an explanation is provided for the large biases in RN. Figure 3.11
displays the RN bias of the mean seasonal cycle together withthe bias of theαcloud. These
biases are more or less in line with each other, with an overestimation ofαcloud (meaning an
overestimation of the total cloud cover) and an underestimation of RN from spring to autumn,
which holds for all sites (not shown). In winter, RN is still underestimated, whereasαcloud is
also slightly underestimated. This is an indication that RNbiases are not only determined by
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biases inαcloud, and/or that the estimation ofαcloud is associated with some uncertainties. How-
ever, note that clear-sky radiation as well as surface albedo (at least in summer) are reasonably
modeled in CLM (seeJaeger et al.[2008], and references therein) and, hence, are not major
contributors to the RN bias. The corresponding analyses forECMWFop give similar results,
though RN andαcloud biases are usually smaller (not shown).

3.4.5 Model Biases as a Function of Observed Cloud Albedo
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Figure 3.12: (Top) Daily summer bias ofαcloud (no unit) and RH (no unit) (lefty axis, black line) and
T2M (K) (right y axis, grey line) as a function of observedαcloud. (Bottom) Same but for biases of RN,
LE, and H (all in W m−2). Shown are (left) Hyytiälä, (middle) Vielsalm, and (right) San Rossore for the
period 2002-2005.

In this section, we investigate whether the models represent on the daily time scale the
coupling of land-PBL-atmosphere processes that can be diagnosed from the observations. The
analysis again primarily focuses on the summer season for 2002-2005 and on CLM, whereas
the respective performance of ECMWFop is only briefly discussed.

The daily biases of RH, T2M , andαcloud and RN, LE, and H are displayed in Fig. 3.12 (top)
and Fig. 3.12 (bottom), respectively, as a function of observed dailyαcloud. The lines denote a
fit determined by the non-parametric local polynomial regression algorithm “Loess” [Cleveland
et al., 1990]. In Hyytiälä, when little cloud cover is observed (αcloud small), CLM exhibits an
overestimation of cloud cover and a corresponding high biasin RH and low bias in T2M . When
the observed cloud cover is larger, the biases of CLM are reversed and generally smaller. The
CLM bias ofαcloud is projected onto a bias of RN and H. The LE bias on the contraryappears
mostly unrelated to theαcloud bias. In summary, when observed cloud cover is low, CLM has
too much cloud inducing low RN and H, which results in a cold, moist bias. For high observed
cloud cover, the pattern is reversed but the biases are generally smaller than for low cloud cover:
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CLM has too little cloud, and as a consequence modeled RN and Hare overestimated, resulting
in a warm, dry bias. These biases are very similar to those described byBetts et al.[2006] for
ERA40 at the Canadian boreal climate station Saskatchewan.The same holds for Vielsalm,
except that T2M has no bias for the whole range of observedαcloud. Generally, these biases are
consistent except for the central Italian stations, where CLM is rather too dry and warm for all
observedαcloud, though RN, LE, H andαcloud show similar biases as at the other stations. This
might be caused, for example, by the vicinity of the stationsto the Mediterranean Sea (or it
might be an artefact of the fitted line). Moreover, the corresponding analysis for ECMWFop
looks similar except for T2M . Under low observed cloud cover, the absolute values of the
respective ECMWFop biases are larger for LE (as shown beforein Fig. 3.4) but smaller for
αcloud, RN and RH compared to those of the CLM.

3.5 Summary and Conclusions

In this study the surface fluxes of heat and moisture as well asthe coupling of land-PBL-
atmosphere processes are assessed in the CLM RCM. We use tower observations from
FLUXNET and a methodology introduced by Alan K. Betts [e.g.,Betts, 2004] for the vali-
dation. The analysis focuses on three climate zones over theEuropean continent and on the
period 2002-2005. We also compare the CLM performance with that of the ECMWFop data
set and the ICTS models for part of the analysis. The main results of this study are as follows.

1. CLM displays a systematic underestimation of RN on the monthly as well as on the
hourly time scale associated with an overestimation of the cloud cover. However, the missing
energy is not equally distributed onto LE and H, leading to anunderestimation of H, while the
LE fluxes are mostly within the uncertainty range of the eddy-covariance flux measurements.
The underestimation of H and correct LE leads to an underestimation of B. The systematic bias
in B is in line with the known deficiency of CLM having a too shallow, too cold and often also
too moist PBL in summer, if Tiedke convection scheme with moisture convergence closure is
used. Larger values of the minimal stomatal resistance could partly correct for this deficiency.

2. There is a tendency for H to have a positive and LE to have a negative phase-shift error
in the mean seasonal cycle. This could be an indication of a too early onset of the vegetation
period in spring, though the phase shifts are small in LE, butfor some stations quite large in
H. In contrast, the diurnal cycle phase-shift errors are generally larger, with phase-shift errors
of LE being systematically positive (up to 2 h). The same holds for RN for most stations
and months, whereas phase-shift errors of H are mostly negative. Note that phase shifts in
the diurnal cycle of LE and H could be critical for several aspects of land-PBL-atmosphere
interactions, in particular for convective precipitation.

3. ECMWFop displays a better seasonal cycle of RN compared toCLM, though it also
presents systematic underestimations compared to the FLUXNET observations (partly due to
SWdn underestimation). Consequently, H and particularly LE areboth larger in ECMWFop
than in the CLM simulations for most stations. This corresponds to a smaller H bias in
ECMWFop; however, there are some indications that LE is overestimated (see also point 4
below). As in CLM, there is a tendency in ECMWFop for H to have apositive and LE to have
a negative phase-shift error compared to the FLUXNET seasonal cycles.

4. A comparison of E from basin-scale atmospheric water balance estimates with CLM
reveals a good agreement for European river catchments. By contrast, ECMWFop generally
overestimates E in summer as found already byHagemann et al.[2005] for ERA40. This is
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consistent with the results of the LE validation with the FLUXNET observations (points 1 and
3 above).

5. A comparison of the seasonal cycles of RN, LE, and H in CLM with the ICTS RCMs
reveals that the RN underestimation is a specific feature of the CLM model, at least partly
associated with a total model cloud cover overestimation. Bon the other hand appears to be
underestimated in all models, though the measurement uncertainty is large.

6. In southern Europe, the FLUXNET measurements show that RN, LE and H are coupled
on the monthly time scales to SM, RH andαcloud, a feature that is captured both by CLM and
ECMWFop. In this region, the coupling between SM,αcloud, and RH suggests that wet soils
are associated with cloudier, moister and shallower PBLs, though the direction of causality is
unclear. On the other hand, in central and northern Europeαcloud seems to be determined pri-
marily by the large-scale circulation, and is mostly unrelated to the SM field. The analysis of
the correlation between evapotranspiration and temperature (ρ(LE, T2M )) similarly suggests a
strong coupling between SM and LE, H and temperature in southern Europe, both in the ob-
servations and the model simulations. This is consistent with the results of previous modeling
and observational studies [Seneviratne et al., 2006b;Teuling et al., 2009].

7. On the daily time scales (particularly in summer) when theobserved cloud cover is
low, CLM overestimates the cloud cover, inducing an underestimation of RN and H, which
results in a cold, moist bias. For high observed cloud cover,the pattern is reversed: CLM
has too little clouds, and as a consequence modeled RN and H are overestimated, resulting in
a warm, dry bias. Except for the T2M bias, the corresponding analysis for ECMWFop looks
similar (consistent with biases found byBetts et al. [2006] for ERA40). This indicates a
lack of sensitivity of the cloud cover in both models, possibly due to underestimated positive
feedbacks.

In conclusion, this analysis has shown that the land-PBL-atmosphere coupling is reasonably
represented both in CLM and ECMWFop, despite some identifiedbiases, mostly in the cloud
cover. A significant deficiency of CLM is its RN underestimation with serious consequences
for H, B and the whole PBL structure. However, several other current state-of-the-art RCMs
(ICTS simulations) show similar deficiencies for B and the surface fluxes of heat and moisture.
Despite large and systematic errors in RN, precipitation and T2M are reasonably represented
in CLM versions 2.4.11 and 2.4.6 [Jaeger et al., 2008]. The present analysis shows that CLM
also simulates LE reasonably, and correctly captures regions of strong SM limitations on LE. In
addition, this analysis has shown how FLUXNET observationscan be utilized to help diagnose
land surface and PBL biases in climate models. Further studies addressing these aspects for
a larger number of models would help to characterize the uncertainty in the representation
of these processes, and to identify perspectives for their improvement for the computation of
reliable climate scenarios.
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Abstract

Processes acting at the interface between the land surface and the atmosphere have a strong
impact on the European summer climate, particularly duringextreme years. These processes
are to a large extent associated with soil moisture (SM). This study investigates the role of soil
moisture-atmosphere coupling for the European summer climate over the period 1959-2006
using simulations with a regional climate model. The focus of this study is set on temperature
and precipitation extremes and trends. The analysis is based on simulations performed with
the regional climate model CLM, driven with ECMWF reanalysis and operational analysis
data. The set of experiments consists of a control simulation (CTL) with interactive SM, and
sensitivity experiments with prescribed SM: a dry and a wet run to determine the impact of
extreme values of SM, as well as experiments with lowpass-filtered SM from CTL to quantify
the impact of the temporal variability of SM on different time scales.

Soil moisture-climate interactions are found to have significant effects on temperature ex-
tremes in the experiments, and impacts on precipitation extremes are also identified. Case stud-
ies of selected major summer heat waves reveal that the intraseasonal and interannual variability
of SM account for5 − 30% and10 − 40% of the simulated heat wave anomaly, respectively.
For extreme precipitation events on the other hand, only thewet-day frequency is impacted in
the experiments with prescribed soil moisture. Simulated trends for the past decades, which
appear consistent with projected changes for the 21st century, are identified to be at least partly
linked to SM-atmosphere feedbacks.

1Institute for Atmospheric and Climate Science, ETH Zurich,Switzerland
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4.1 Introduction

Climate extremes have a major societal, economical, and ecological impact, as for instance
highlighted by the 2003 summer heat wave and drought in Europe [Larsen 2003; Heck et al.,
2004; Ciais et al. 2005]. Several recent observational [Klein Tank and K̈onnen, 2003;Schmidli
and Frei, 2005;Alexander et al., 2006;Della-Marta et al., 2007] as well as modeling studies
[Christensen and Christensen, 2003;Meehl and Tebaldi, 2004;Scḧar et al., 2004;Frei et al.,
2006] report an increase in frequency and intensity of temperature and precipitation extremes,
both for the recent past as well as for the coming decades.

The physical mechanisms underlying such changes in extremes of temperature and precip-
itation may relate to changes in large-scale circulation [Christensen and Christensen, 2003;
Meehl and Tebaldi, 2004;Pal et al., 2004] and/or to changes in small-scale physical processes
such as soil moisture-atmosphere interactions [Seneviratne et al., 2006b;Vidale et al., 2007].

Owing to the relevance of extremes, these research findings highlight the need for a bet-
ter understanding of the contributing processes and feedbacks, which also implies comparison
with observations [e.g.Ek and Holtslag, 2004; Jaeger et al., 2009]. Heat waves are gen-
erally caused by quasi-stationary anticyclonic circulation anomalies [Fink et al., 2004;Black
et al., 2004; Meehl and Tebaldi, 2004], sea surface temperature (SST) anomalies [Black and
Sutton, 2006], and/or land-atmosphere feedbacks [Seneviratne et al., 2006b;Fischer et al.,
2007a,b], whereby the latter can act as an amplifying mechanism. Similarly for precipitation
variability and heavy precipitation events, both circulation patterns [Martius et al., 2006] and
land-atmosphere feedbacks may be relevant [e.g.Beljaars et al., 1996;Scḧar et al., 1999;Pal
and Eltahir, 2002].

The impact of land-atmosphere coupling on climate is mainlydetermined by SM limitation
on evapotranspiration [Seneviratne et al., 2010]. Since large-scale field experiments investigat-
ing these effects are not feasible, one way of assessing the underlying mechanisms is to run
climate model experiments with prescribed SM content [e.g.Koster et al., 2004;Seneviratne
et al., 2006b;Rowell and Jones, 2006;Fischer et al., 2007a;Conil et al., 2007]. This method
allows to infer causal relationships regarding the effect of SM on climate, since the two-way
coupling of the atmosphere and SM is removed, and the experiments thus investigate only the
one-way effect of SM on the atmosphere, whereas the atmosphere has no influence on SM.
Here, this procedure is used to disentangle the effect of SM variability on different time scales,
as well as to investigate the impact of extreme levels of SM onthe current European summer
climate. To this aim a set of regional climate model (RCM) experiments are performed us-
ing the CLM RCM (Section 4.2.1) driven with reanalysis and operational analysis data from
ECMWF. Thereby, the main focus of the present study is on impacts of SM on extremes and
trends in temperature and precipitation. The analysis is performed for the summer season,
when oceanic impacts on climate are small compared to SM impacts over mid-latitudinal land
areas [e.g.Koster and Suarez, 1995].

One can distinguish three different approaches for the analysis of climate extremes. A
first group considers directly the probability density functions (PDFs) of the investigated vari-
ables, generally temperature or precipitation [Alexander et al., 2006;Perkins et al., 2007], and
thereby focuses on their tail behaviour. Since most statistical distribution functions do not well
describe the tail behaviour of the underlying data, a secondgroup of studies uses techniques
of extreme value theory (EVT) that provide special distribution functions for extremes. The
study ofFrei et al. [2006] for instance uses EVT to assess the future change of precipitation
extremes in Europe based on a set of RCM experiments from the EU-project PRUDENCE
(http://prudence.dmi.dk). Other modeling studies use EVTto assess changes of temperature
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extremes [e.gZwiers and Kharin, 1998; Kharin and Zwiers, 2000]. There are also several
observational studies assessing changes in temperature extremes using EVT, which report an
increase at least in the location (some also in the shape) of the used extreme value distribution
[e.g. Laurent and Parey, 2007;Della-Marta et al., 2007;Brown et al., 2008]. Finally, a third
group of studies uses so called climate extreme indices to capture a variety of aspects of climate
extremes both in models [e.g.Frei et al., 2006;Fischer et al., 2007a;Kjellström et al., 2007]
and observations [e.g.Klein Tank et al., 2002;Schmidli and Frei, 2005;Della-Marta et al.,
2007]. Wet, dry, hot or cold events can be extreme in terms of frequency, duration or intensity,
and these aspects cannot be investigated from the analysis of temperature and precipitation
PDFs only. As an example, the EU-FP6 project CECILIA (http://www.cecilia-eu.org/) estab-
lished a list of more than 130 indices characterizing temperature and precipitation statistics.

Beside the analysis of the role of SM for climate extremes, wealso assess in this study
the possible impact of SM on climate trends. The investigation of trends and their relation to
possible changes in drivers or feedback processes has received increasing interest in the climate
community due to climate change. For climate extreme indices, the analysis of trends is mainly
performed using either parametric methods (e.g. regression models [Klein Tank and K̈onnen,
2003; Schmidli and Frei, 2005] or non-stationary extreme value analysis [e.g.Kharin and
Zwiers, 2005]), or non-parametric methods (e.g. robust slope estimator Theil-Sen [Alexander
et al., 2006] or digital filters [Tebaldi et al., 2006]).

The outline of this paper is as follows. Section 4.2 presentsthe setup of the numerical
experiments and the statistical procedure that was used fortheir analysis. Then, Section 4.3
assesses the impact of the temporal variability and extremevalues of SM for mean climate
properties. Section 4.4 provides a thorough analysis of temperature and precipitation extremes
and their link to SM for long-term climatologies, whereas inSection 4.5, the focus is set on
the representation of specific observed extreme events in the simulations. Then, in Section 4.6,
simulated trends in daily temperature and precipitation (mean and extremes) are calculated, and
linked to SM and related physical processes. Section 4.7 briefly compares CTL to observations
and to other state-of-the-art RCMs to provide an evaluationof the employed model. Finally,
the main results are summarized in Section 4.8.

4.2 Data and Methodology

4.2.1 The CLM regional climate model experiments

CLM setup: In this study we use the CLM RCM, which is the climate version of
the non-hydrostatic COSMO model (COnsortium for Small-scale MOdeling: http://cosmo-
model.cscs.ch/) employed by several European weather services for numerical weather pre-
diction. A similar model configuration is adopted as for the EU-FP6 project ENSEMBLES
(http://www.ensembles-eu.org) [Jaeger et al., 2008]2 . The employed model version (2.4.11)
was identified as having significantly smaller biases than a more recent version (4.0, seeJaeger
et al. [2008]), and is thus used in the present study. It was also validated with regard to land-
atmosphere coupling characteristics with FLUXNET observations [Jaeger et al., 2009].

We integrate CLM over a domain covering the entire European continent, with 0.44◦ (≈
50 km) horizontal resolution, 32 levels in the vertical and 10 soil layers. Lateral boundary con-

2Jaeger et al.[2008] uses CLM version 2.4.6, which is nearly identical to the version used in this study and in
Jaeger et al.[2009] (version 2.4.11). Additionally, we have corrected version 2.4.11 for a missing restriction of
evapotranspiration below the plant wilting point.
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ditions are derived from the ERA40 reanalysis (1958-2001,Uppala et al. [2005]) and from
ECMWF operational analysis (2002-2006). The initial conditions correspond to the climato-
logical values of a long-term CLM simulation to ensure that the model is approximately within
its equilibrium. The external parameters are derived from AVHRR data for the vegetation pa-
rameters (leaf area index, plant cover and root depth) and from the FAO 1995 digital soil map
for soil types (9 classes in CLM).

Our CLM configuration uses Leapfrog numerics,Tiedtke[1989] convection based on a
moisture-convergence closure, a radiative transfer scheme based onRitter and Geleyn[1992],
vertical turbulent diffusion using prognostic turbulent kinetic energy [Raschendorfer, 2001],
the second-generation multi-layer soil model TERRA-ML [Schrodin and Heise, 2002] with
both bare-soil evaporation and transpiration being calculated following Dickinson [1984].
More details on the model dynamics and physics are availablein Steppeler et al. [2003]
and Will et al. [2010] or in the model documentation (available from: http://www.clm-
community.eu/).

Table 4.1: Overview of the CLM experiments performed for this study.

Name SM
Interactive Prescribed Value

CTL ✔

SSV ✔ lowpass-filtered
SM from CTL
(cutoff at≈ 10 d)

ISV ✔ lowpass-filtered
SM from CTL
(cutoff at≈ 100 d)

IAV ✔ smoothed SM climatology
(1959-2006) from CTL

PWP ✔ const. at PWP
FCAP ✔ const. at FCAP

Sensitivity experiments:In order to assess the possible impact of extreme values and of the
temporal variability of SM on the European summer climate, aset of sensitivity experiments
with different prescribed SM evolutions was performed (seeTable 4.1 for an overview). Note
that in the prescribed SM experiments, soil moisture is not altered by any surface fluxes, nor
by precipitation or runoff. A reference simulation includes interactive SM, and will be referred
to as CTL hereafter.

In two of the sensitivity experiments, SM is set to its minimum (plant wilting point, PWP)
and maximum (field capacity, FCAP) value for each grid point and model soil layer sepa-
rately depending on the respective model soil type. The aim of these simulations is to assess
the impact of extreme values of SM on climate. In addition, a set of more subtle prescribed
SM experiments was performed, with the aim of assessing the impact on climate of temporal
SM variability on different time scales. In order to disentangle the effects of synoptic-scale,
intraseasonal, and interannual SM variability, the soil moisture time series from CTL are sub-
sequently filtered using a digital low-pass filter (details in Appendix A) applied separately for
each of the model’s soil layers, and at each grid point over the entire model domain. A first
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Figure 4.1: Illustration of the soil moisture evolution [m] of the different CLM experiments (see Table
4.1) for a grid point from the Iberian Peninsula. Shown is the2nd model soil level for the period 2002-
2005.

experiment removes the synoptic-scale variability (called SSV) by filtering out SM variations
below roughly ten days. A second experiment additionally removes the intraseasonal variabil-
ity (called ISV) from SSV by filtering out SM variations belowroughly 100 days. Finally, for
the so called IAV experiment, we also remove the interannualvariability from ISV, resulting in
a similar experimental setup as inSeneviratne et al.[2006b] andFischer et al. [2007a]. See
Fig. 4.1 for an illustration of the SM values of these five model experiments in comparison
with the control simulation.

4.2.2 Observations and ENSEMBLES model simulations

Though the employed model version has already been extensively validated [Jaeger et al.,
2008, 2009], we additionally briefly compare the results of the CTL simulation with observa-
tions and (re)analysis data (hereafter referred to as OBS) in Section 4.7, with a focus on tem-
perature and precipitation extremes and trends. For the validation we use the gridded E-OBS
dataset (version 1.0) of the EU-FP6 project ENSEMBLES for temperature and precipitation
[Haylock et al., 2008], and ERA40 reanalysis [Uppala et al., 2005] for the total cloud cover.
For the validation of temperature we apply a height correction using a constant lapse rate of
−0.65 K/100 m in order to properly compare model and observations.

Moreover, to assess the performance of CLM in comparison with other state-of-the-art
RCMs, regional climate simulations from the ENSEMBLES archive are analysed and com-
pared to CLM for the period 1961-2000 (Section 4.7). The following ERA40 reanalysis-driven
RCM simulations with 25 km horizontal resolution were used:RCA (simulation from the C4I
and SMHI institutes), Aladin (CNRM), HIRHAM (DMI and METNO), CLM (ETHZ, see
also [Jaeger et al., 2008]), HadRM (HC), RACMO (KNMI), REMO (MPI), and PROMES
(UCLM). For temperature and precipitation extremes we additionally analysed Aladin (CHMI)
and RegCM (ICTP).
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4.2.3 Analysis methodology

The main focus of this study is on the impact of SM on climate extremes and trends thereof.
The analysed variables are daily maximum temperature (Tmax) and daily mean (and/or wet-
day) precipitation. The analysis focuses on climate extreme indices, derived probability density
functions, and the explicit modeling of climate extremes using extreme value theory.

INDICES: Table 4.2 lists climate extreme indices considered in this study, which corre-
spond to a subset of the total number of indices considered inthe EU-project CECILIA. In
order to test for statistically significant differences between CTL and the sensitivity experi-
ments, we perform tests at every grid point. Due to the multiplicity problem of independent
tests and the spatial dependency of neighbouring grid points, the outcoming result can only be
viewed as a crude estimate. More reliable estimates of significance could be obtained using
resampling methods (e.g. seeWilks [2006] and references therein, orWilks [1997]). However,
this is not feasible in our case due to the computational constraints associated with the size
of the considered datasets. Here, our approach is the following: First, we calculate extreme
indices for each of the 48 years (1959-2006) separately. Then, we compare the empirical dis-
tribution of these 48 values using a two-sided Kolmogorov-Smirnov test (details in Appendix
B). We then compute the area-weighted fraction of land points with statistically significant
differences at the 5% level and display maps of the yearly extreme indices averaged over the
48 years. Note that forint, freq or perc95 it does not make a difference whether the indices are
calculated over the whole period of interest (CECILIA definition) or first separately for each
year and then averaged over all years. In order to ease the computation of significance (see
above) we use for simplicity the latter definition for these indices. However, in the case of the
hwdi indices (hwdimax, hwdi⋆max, hwdimean, hwdi⋆mean), values calculated separately for each
year and then averaged over all years differ from values calculated over the whole period. In
order to follow the CECILIA definitions, thehwdi indices are calculated over the whole period
and, hence, statistical significance is not assessed for these indices.

PDFs: Additionally, we qualitatively investigate the PDFs of daily precipitation and of
Tmax, by fitting a Gamma and applying a kernel density estimation,respectively, to the
PRUDENCE subdomain mean time series (for a map of the subdomains seeChristensen and
Christensen[2007]). Moreover, we also display the PDFs of seasonal extreme values (block
maxima) of daily precipitation and ofTmax using a Generalized Extreme Value distribution
(see below). Again, we apply a two-sided Kolmogorov-Smirnov test to assess statistically sig-
nificant differences. In order to quantitatively compare the PDFs, we also compute statistical
indices describing the raw data underlying the PDFs (mean, standard deviation, 99th-percentile,
inter-quartile range, skewness).

EVT: Finally, we statistically model temperature and precipitation extremes using extreme
value theory. For this, we employ the block maxima techniqueon a grid point basis, which
is based on the so called Generalized Extreme Value (GEV) distribution (e.g. Coles[2001]),
but we neglect spatial dependency among the neighbouring grid points [Coelho et al., 2008].
The GEV is a three-parameter distribution function with locationµ, scaleσ and shapeξ pa-
rameters. The analysis is based on yearly blocks (48 values for the period 1959-2006) each
computed from 92 daily values for JJA. For precipitation extremes we use a modified form of
the classical GEV likelihood function to estimate the parameters of the GEV distribution, which
includes a Bayesian prior distribution forξ [Frei et al., 2006]. This is done in order to avoid
absurd values ofξ if conventional maximum likelihood estimation from small samples is used.
Therefore, we apply a Beta distribution as a Bayesian prior,which totally prevents estimates
outside (−0.5,+0.5) [Martins and Stedinger, 2000]. Of primary interest are then multi-year
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Table 4.2: Diagnostics of daily maximum temperature and daily precipitation referred to in this study
(based on CECILIA definition).

Abbrevation Definition Unit

perc95 95th-percentile of dailyTmax K
hwdimean 90th-percentile-based mean heat wave length. Mean of all spellswith at least two days

consecutive days withTmax larger than the long-term (1959-2006)90th-percentile of CTL
hwdi⋆mean the same ashwdimean but using the long-term90th-percentile of the respective experiment days
hwdimax the same ashwdimean but for the maximum heat wave length days
hwdi⋆max the same ashwdi⋆mean but for the maximum heat wave length days
ret50 50-year return value of dailyTmax

◦C
nhd fraction of days withTmax > long-term (1959-2006)90th-percentile of CTL fraction

perc95 95th-percentile of daily precipitation≥1 mm mm/d
freq wet-day frequency, fraction of days with precipitation≥1 mm fraction
int wet-day intensity, mean precipitation on days with≥1 mm mm/d
5dmax mean of greatest 5-day precipitation per year mm/d
ret50 50-year return value of daily precipitation mm/d
ret505d 50-year return value of 5-daily precipitation mm/d

return values that are calculated based on the fitted GEV distribution (see Table 4.2), as well
as the GEV distribution itself for PRUDENCE subdomain mean time series. At least for tem-
perature extremes the difference in the return values calculated with or without a prior forξ is
small and, hence, we use here the simpler model. Uncertaintyis inferred from bootstrap sim-
ulations also at the grid point basis, and tests for statistically significant differences between
CTL and experiments are obtained using a similar approach asin Kharin and Zwiers[2000]
(details in Appendix B, non-parametric bootstrap tests). In order to assess the robustness of our
results obtained using the block maxima approach, we have alternatively applied a stationary
peak-over-threshold model. This model yields similar return values as in the block maxima
approach (not shown).

4.3 Impact of soil moisture variability on European mean
summer climate

This study focuses on the possible impact of soil moisture onclimate extremes and trends
(Sections 4.4-4.6). In this section we first analyse briefly the mean climate characteristics of
the conducted experiments. Note that the SSV, ISV and IAV experiments share the same mean
SM seasonal cycle as CTL (and only differ with regard to theirSM variability, Fig. 4.1). Hence,
one does not expect a systematic impact of the prescribed SM fields on the mean climate of
these simulations, though possible effects cannot fully beexcluded, e.g. if part of the climate
response depends non-linearly on the SM content. The net effects on the mean climate of SSV,
ISV and IAV are indeed small (not shown), and we exemplarily focus here only on IAV, as it
shows the largest effect.

Figure 4.2 displays the mean temperature, total and convective precipitation, net short-
wave radiation (SWnet), total net radiation (Rnet) and geopotential height patterns in CTL, and
the respective differences between the sensitivity experiments IAV, PWP, FCAP and CTL. In
the case of FCAP, the increase in SM leads to an increase in latent (LE) and a decrease in
sensible (H) heat flux (and therefore also in the Bowen ratio,not shown). This causes a shal-
lower, moister and colder planetary boundary layer (PBL) asindicated by the decreased 2m-
temperature (T2m), the analysis of atmospheric profiles (Fig. 4.3), as well asby an increased
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total cloud cover (not shown). As a consequence, SWnet decreases and the net longwave radi-
ation (LWnet, not shown) increases. The increase in the total cloud coverleads to an increase
in precipitation, i.e. to a positive SM-precipitation feedback. PWP presents the opposite be-
haviour due to the imposed drier SM conditions, except for Rnet (see below).

Note that the anomalies in Rnet for the FCAP and PWP simulations (Fig. 4.2) suggest
that the response of Rnet, at least in our simulations, does not present a clear relationship with
soil moisture content. For instance, inEltahir et al. [1998] andScḧar et al. [1999], it was
suggested that moist conditions would lead to an enhanced Rnet at the surface, a result opposite
to the sensitivity displayed by the FCAP simulation. On the other hand, our dry simulation
(PWP) also shows a diminished Rnet, and thus these effects do not appear to be symmetric
for decreased/increased SM. More analyses would be needed to shed light on this asymmetric
response.

Regarding the anomalies in the IAV simulation, as mentioned, this experiment (similar
to SSV and ISV) displays only a weak modification of the mean climate: SM is drier than
CTL in wet years, and wetter than CTL in dry years. Interestingly, despite the weak signal,
the anomalies are consistently of the same sign as in FCAP, although the IAV experiment is
not systematically wetter than CTL. This suggests that the wetting effects in dry years have
stronger impacts than the drying effects in wet years and, hence, that there is some degree of
non-linearity in the response of European climate to SM forcing (i.e. stronger impact in dry
years). This is consistent with the fact that 20th century European climate is characterized on
average by humid conditions, i.e. evapotranspiration is close to its potential value on average
and is only significantly modified under drier conditions (see e.g.Seneviratne et al.[2010] for
more details).

Mean precipitation was further decomposed into large-scale and convective precipitation,
and Fig. 4.2 displays the anomalies for the convective fraction of precipitation. For IAV (as
well as SSV and ISV), the partitioning between the two precipitation components is similar
as in CTL. In contrast, for FCAP, the increase in mean precipitation comes mostly from an
increase in convective precipitation (partly also true forthe precipitation decrease in PWP).

Finally, Fig. 4.2 also points to the strong impact of SM changes on the geopotential height
in the sensitivity experiments, similar to the effects identified in experiments with modified
SM for the 2003 heat wave in Europe with another RCM [Fischer et al., 2007b]. However,
one has to keep in mind that such large geopotential height anomalies are constrained by the
employed setup of the RCM simulations, since they cannot interact with the imposed large-
scale circulation patterns.

4.4 Impact of soil moisture variability on European summer
climate extremes

This section focuses on the impact of extreme values and the temporal variability of soil mois-
ture on European temperature and precipitation extremes. In a first part, we assess the extreme
diagnostics listed in Table 4.2 for CTL. Then, in a second part, the extreme diagnostics are
analysed for the sensitivity experiments. Finally, in a third part, mean subdomain PDFs of
daily Tmax and precipitation are analysed, for both CTL and the sensitivity experiments.
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Figure 4.2: Summer climatologies (1959-2006) of the impact of SM variability on the mean climate:
T2m ([K], 1 st row), total precipitation ([mm/d], 2nd row), convective precipitation ([mm/d], 3rd row),
SWnet ([W/m2], 4th row), Rnet ([W/m2], 5th row) and geopotential height at 500 hPa ([m], 6th row),
. From left to right CTL, IAV-CTL, PWP-CTL and FCAP-CTL are shown. Note that colourbars are
different for CTL and the difference plots and irregular in the latter case. The numbers in the lower-
right corner give the area weighted fraction of land points at which the null hypothesis of ’being from
the same distribution’ is rejected at the 5% level accordingto the two-sided Kolmogorov-Smirnov test.
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Figure 4.3: Boundary layer tephigram of the atmospheric profiles of all CLM experiments (labeled are:
temperatureT in solid lines, pressurep in dashed lines and specific humidityq in doted lines; addi-
tionally the dry and wet adiabates are given in solid lines perpendicular toT and dashed-dotted lines,
respectively). Shown is a mean profile at 12 UTC for the summer(JJA) period, averaged over 1959-2006
for the French PRUDENCE subdomain. Time and space averaging(48-year JJA, PRUDENCE areas,
land-only) is performed on model levels. Note that the moisture and temperature profiles for the CTL,
SSV, ISV and IAV experiments are very similar and, hence, partly overlap each other.

4.4.1 Temperature extremes

Geographical patterns: CTL

Figure 4.4 (left panels) displays the dailyTmax diagnostics for CTL. The 95th-percentile
(perc95) and particularly the 50-year return value (ret50) describe the upper tail of the daily
Tmax distribution. These two indices exhibit similar geographical patterns, with a North-South
and an East-West gradient. This suggests that both indices tend to increase with drier climatic
conditions. The maximum heat wave duration indexhwdimax assesses the atmospheric ten-
dency for persistence at the upper tail of the dailyTmax distribution. The spatial patterns of
this diagnostic are therefore different from those ofperc95 andret50, with largest values in
the Mediterranean and in Western and Northern Europe. Note,however, that we cannot neces-
sarily expect a North-South gradient in this diagnostic since we calculate it with respect to the
local 90th-percentile rather than with respect to a fixed threshold value. In the Scandinavian
subdomain for instance, the 90th-percentile is≈10 K lower than in the Iberian Peninsula subdo-
main. The overall pattern inhwdimax suggests higher values for regions neighbouring oceans,
possibly indicating an effect of persistence associated with SSTs. The patterns ofhwdimean are
slightly different with largest values in the Mediterranean and in Eastern and Northern Europe
(see Fig. 2 inLorenz et al.[2010]).

Geographical patterns: Sensitivity experiments

In this subsection we discuss the differences of the analysed Tmax diagnostics between the
sensitivity and CTL experiments (Fig. 4.4). The anomalies in perc95 andret50 between the
sensitivity experiments and CTL show very similar patterns, with increasingly larger differ-
ence from SSV over ISV to IAV and highest impacts in Scandinavia and Central Europe. Note,
however, that differences are significant over larger coherent areas for IAV only (> 65 % of
European area). For FCAP and PWP the differences are significant for most parts of Europe
with largest signals over Central and Northern Europe for PWP, and over Eastern and Southern
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Europe for FCAP. This can be easily understood since in Eastern and Southern Europe, SM is
close to the plant wilting point in CTL, while in Central and Northern Europe it is close to the
field capacity. Forhwdimax we find similarly a continuous decrease from SSV over ISV to IAV,
with largest differences over Scandinavia and Central Europe, and most pronounced effects in
FCAP and PWP. The indexhwdi⋆max is computed using the 90th-percentile of the respective
simulation instead of CTL (see Table 4.2). This allows to distinguish between changes in heat
wave duration induced by changes in the respective PDFs of daily Tmax, or by changes in at-
mospheric persistence.Lorenz et al.[2010] provide a detailed discussion of the implications of
using these different thresholds forhwdi indices. Thehwdi⋆max values exhibit clear reductions
in the IAV, PWP and FCAP experiments, which is in line with a decrease in the autocorrelation
of Tmax (not shown). This can be understood by the fact that in these simulations precipitation
does not cause SM anomalies (prescribed SM). Hence, one source of atmospheric persistence,
namely soil moisture memory, is shut down (see alsoLorenz et al.[2010]). We see from the re-
sponse of the IAV experiment that it is the memory associatedwith interannual SM anomalies
that is mostly relevant.

Probability density functions (PDFs)

In this subsection, we assess the PDFs of dailyTmax in the simulations for several European
subdomains as defined in the EU-project PRUDENCE [e.g.Christensen and Christensen,
2007]. Results are exemplarily displayed for the France subdomain in Fig. 4.5 (top panel).
Analyses for the other European subdomains are provided in the supplementary information
(Fig. S14). Since we do not want to mix spatial and temporal variability, and the former is
already analysed in Fig. 4.4, we assess here PDFs of mean subdomain dailyTmax (Fig. 4.5,
top panel). Hence, one should not compare the percentiles ofthe PDFs in Fig. 4.5 (top panel)
with those shown in Fig. 4.4.

The analysis reveals that only theTmax PDFs of the PWP and FCAP simulations are sig-
nificantly different from CTL for all 8 subdomains. ISV and IAV are generally significantly
different from CTL (except for France and also for the Iberian Peninsula in the case of ISV).
SSV on the other hand is only significantly different from CTLfor the Alpine region. Addi-
tionally, some statistical quantities describing the dataunderlying the PDFs are listed in Table
S3 in the supplementary material. For PWP and FCAP most statistical quantities are again
significantly different from CTL, in contrast to SSV. Note that also for IAV, the measures char-
acterising the tails or the spread of the distributions are significantly smaller (to a lesser extent
also true for ISV). This is consistent with the results of theprevious sections: Largest dif-
ferences of dailyTmax are found for PWP and FCAP; from the experiments modifying the
temporal SM variability, in general only IAV displays significant impacts. Interestingly, PWP
(FCAP) exhibits a pronounced widening (narrowing) of its PDF, which is due to the removed
(increased) damping effect of SM – through evaporative cooling – on the temperature extremes
at the high end (i.e. hot extremes). The distinct impact of SMis clearly recognizable from the
asymmetric effects on the PDFs.

The bottom panel of Fig. 4.5 displays the corresponding PDFsfor the summer block max-
ima of dailyTmax (note that block maxima are the basis for the GEV used to obtain ret50 in
Fig. 4.4). These PDFs are shifted to higher temperatures andthey are narrower compared to
the PDFs of dailyTmax discussed above. While the differences of the sensitivity experiments
seem to be more pronounced than for the PDFs of dailyTmax, the statistical analysis reveals
slightly lower significance. This is mainly due to the smaller sample size (48 values compared
to 92×48 values for the PDFs of dailyTmax). As identified for the overall PDFs, we see that
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Figure 4.4: Summer climatologies (1959-2006) of the impact of SM variability on Tmax extreme di-
agnostics: perc95 ([K], 1 st row), hwdimax (with respect to 90th-percentile of CTL, [d], 2nd row),
hwdi⋆max (with respect to 90th-percentile of respective experiment, [d], 3rd row), andret50 ([◦C], 4th

row) as estimated by stationary block maxima analysis. Fromleft to right CTL, SSV-CTL, ISV-CTL,
IAV-CTL, PWP-CTL and FCAP-CTL are shown. The numbers in the lower-right corner give a measure
for the statistical significance (see Fig. 4.2).
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SM has a strong impact mainly on temperature maxima, which can be understood from the
presence or lack of evaporative cooling.

In summary we identify the following effect of SM on the European summer temperature
(maxima). Reducing the temporal soil moisture variabilityreduces the temperature extremes.
We find that it is the interannual variability of SM that is most relevant in this respect. Imposing
extreme mean values of soil moisture also has a large impact:Wet soils (as in FCAP) cause a
decrease in temperature extremes, mainly in arid areas, anddry soils (as in PWP) an increase,
mainly in humid areas. These effects are asymmetric and impact temperature maxima more
strongly than temperature minima. This is consistent with anon-linear dependency of surface
fluxes on soil moisture [e.g.Koster et al., 2004,Seneviratne et al., 2010], i.e. the existence of
distinct regimes with little vs. high sensitivity to soil moisture (in wet, respectively drier, soil
moisture conditions).

4.4.2 Precipitation extremes

Geographical patterns: CTL

Figure 4.6 (left panels) displays the daily precipitation diagnostics in CTL. Bothperc95 and
particularlyret50 describe the upper tail of the daily precipitation distribution. Accordingly,
they both exhibit similar geographical patterns with maximum values in Central and Eastern
Europe, particularly over the Alps, though the patterns ofret50 are generally noisier. The
diagnostics5dmax andret505d, which describe the upper tail of the 5-day precipitation dis-
tribution, display similar patterns as the daily precipitation extreme diagnostics (not shown).
Hence, as to be expected for Europe, summer precipitation inthe simulations is mainly of
convective nature, and long-term precipitation events, which are more common in autumn and
winter, are rare. The other two diagnostics, the mean wet-day intensity (int) and frequency
(freq), do not describe the upper tails of the precipitation distribution. Nevertheless,int ex-
hibits a similar pattern as the daily diagnostics describedbefore, whereasfreq presents similar
geographical patterns as the mean summer precipitation (see Fig. 4.2).

Geographical patterns: Sensitivity experiments

Figure 4.6 also displays the differences between the sensitivity and CTL experiments for the
analysed precipitation diagnostics. It is striking that the three experiments with modified tem-
poral SM variations (SSV, ISV, IAV) do not significantly differ from CTL for any of the anal-
ysed statistical indices. Hence, the difference patterns show mostly noise, except for decreased
freq. Indeed, the statistical tests do not reveal significant differences in any European area.
For PWP and FCAP the differences are however much larger and more significant. The most
striking difference is found forfreq: In the dry experiment (PWP) there is a lower wet-day
frequency than in CTL. Similarly, the wet experiment (FCAP)shows a higher wet-day fre-
quency than CTL. This suggests that SM is highly relevant to the triggering of precipitation
events in the experiments. However, on wet days, the precipitation characteristics are similar
in the three simulations (CTL, PWP, FCAP) as indicated byint, perc95 andret50. There is a
small tendency for both PWP and FCAP to have smaller values ofperc95 andint: for PWP in
Southern and Northern Europe, and for FCAP in Central and Eastern Europe. Forret50 PWP
has slightly smaller return values (FCAP larger ones) compared to CTL, however, this result is
hardly significant. On the contrary,5dmax differs more substantially with significant reduc-
tions across the whole of Europe for PWP and increases (though only significant in Southern
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Figure 4.5: PDFs of dailyTmax [K] for France subdomain (top; using a kernel density estimation) and
of summerTmax block maxima [K] (bottom; using a GEV fit). The PDFs are based on the mean subdo-
main values and the summer period 1959-2006. Simulations with bold legend entries are significantly
different from CTL at the 5% level according to the two-sided Kolmogorov-Smirnov test.

Europe) for FCAP (not shown). This is due to the large differences in wet-day frequency in the
simulations.

As displayed in Fig. 4.8, for both PWP and FCAP, the changes infreq are mostly due to
changes in the frequency of convective precipitation, whereas the changes inint are mostly
due to changes in the intensity of large-scale precipitation (compare withfreq andint of PWP
and FCAP in Fig. 4.6).

Probability density functions (PDFs)

The PDFs of mean subdomain daily precipitation are displayed exemplarily for the France
subdomain in the top panel of Fig. 4.7 and statistical quantities describing the data underlying
the PDFs are listed in Table S4 in the supplementary material. PDFs for other PRUDENCE
subdomains are also provided in the supplementary material(Fig. S15). As mentioned for
the temperature PDFs, one should not try to compare the percentiles of the PDFs with those
shown in Fig. 4.6, since they are derived from subdomain meandaily precipitation values (see
comment in 4.4.1)

Generally, the PDFs for SSV, ISV and IAV are not significantlydifferent from CTL for any
European subdomain. On the contrary, the PDFs of FCAP and PWPare significantly different
from CTL at least for some subdomains (but with larger differences for PWP than FCAP).
Most of the analysed statistical quantities are not significantly different between CTL and the
sensitivity experiments, except for PWP (partly also true for FCAP) with e.g. a smaller mean
and inter-quartile range for PWP. The same holds for the PDFsof the summer block maxima
of daily precipitation shown in the bottom panel of Fig. 4.7.However, there is a striking
shift towards higher precipitation amounts, and, in contrast to the temperature PDFs discussed
above, a widening of the PDFs compared to the PDFs for the daily precipitation.

Overall, the temporal soil moisture variablity does not appear to have an impact on the
European summer daily precipitation distribution. Changes in the absolute amount of avail-
able SM, as investigated in the PWP and FCAP experiments, mostly affect the precipitation
frequency and, hence, the absolute mean of European summer daily precipitation (as well as
5dmax). However, the characteristics of the European summer daily precipitation distribution
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Figure 4.6: As in Fig. 4.4 but for the daily precipitation extreme diagnostics: perc95 [mm/d], int
[mm/d], freq [fraction], and ret50 [mm/d] (from top to bottom).
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on wet days remain similar for most experiments. Note that a recent study byBrockhaus et
al. [2010] reveals that CLM with a convection scheme based on more sophisticated physics
(ECMWF IFS) produces more realistic daily precipitation and exhibits a smaller positive SM-
precipitation feedback.

4.5 Selected case studies of climate extremes

4.5.1 Heat waves

In a previous study with the CHRM RCM focusing on four summer heat waves (1976, 1994,
2003 and 2005) [Fischer et al., 2007a], the number of hot summer days (nhd) of a ’IAV-
type’ experiment was reduced by roughly 50-80% compared to a CTL experiment. In order to
directly compare our experiments to the results obtained byFischer et al.[2007a], we provide
here comparable analyses for the 1976, 1994, 2003 and 2005 heat waves based on our present
experiments (Fig. 4.9 exemplarily displays the 2003 case, and results for all four heat waves
are summarized in Fig. 4.10). The overall patterns as well asthe amount ofnhd agrees very
well between the two studies (note thatFischer et al. [2007a] givenhd in days, whereas we
use the CECILIA definition which usesfraction). For the 2003 heat wave, the reduction ofnhd
from CTL to SSV (synoptic-scale variability) is very small and mostly confined to Central and
Southern Europe, with values of 5% for the area where the heat wave was the strongest (France
and Switzerland). There is some decrease for ISV, particularly in Southern, in Central but
also in Northern Europe. Compared to CTL the reduction for the same areas is of roughly 6%,
whereas most of the decrease in these areas is indeed presentin the IAV experiment, with values
of roughly 36%. If we also take into account the other heat wave summers 1976, 1994 and 2005,
we obtain a reduction ofnhd of 5-10% for SSV-CTL, 10-40% for ISV-CTL, and 40-70% for
IAV-CTL (Fig. 4.10), similar to the value of 50-80% found in Fischer et al. [2007a]. Note,
however, that the IAV experiment removes at the same time theinterannual, intraseasonal,
and synoptic-scale variability. Using the experiments of the present study, we can additionally
distinguish the single contribution of synoptic-scale (SSV-CTL), of intraseasonal (ISV-SSV)
and of interannual (IAV-ISV) variability to the total temperature anomalies in the selected heat
wave summers. The experiments suggest that these correspond to 5-10% for the synoptic-scale,
and 5-30% for the intraseasonal variability, compared to 10-40% for the interannual variability
(again for France and Switzerland).

Hence, our experiments confirm that the interannual variability of SM is the largest con-
tributor to the heat wave extremes (as assessed withnhd), but we find that the contribution of
at least the intraseasonal SM variability is of comparable magnitude. Finally, note that we find
again the largest change for the ’extreme experiments’ PWP and FCAP (Fig. 4.10, right panel),
which provide us some insights on the maximum possible effect of SM in the considered heat
waves. In PWP,nhd is more than doubled in all four heat waves, while it is close to zero
(i.e. decrease close to 100%) in FCAP. This suggests that thealready extreme heat waves in
1976, 1994, 2005, and particularly 2003, could have been even more extreme in case of total
depletion of soil moisture.

In order to assess the impact of SM on the duration of the heat waves, Figs. 4.9 and 4.10 also
display the two heat wave indiceshwdimax andhwdi⋆max that were previously analysed over
the whole simulation period in Section 4.4.1. While the differences inhwdimax exhibit similar
patterns as those fornhd discussed above, the differences inhwdi⋆max present distinct patterns.
Given the use of the long-term 90th-percentile of the respective sensitivity experiment as hot
day threshold forhwdi⋆max this allows to leave aside changes in heat wave duration induced by
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Figure 4.7: The same as in Fig. 4.5 but for mean France subdomain precipitation [mm/d] larger than
1 mm/d. Note that for the daily precipitation fit (top) we use aGamma distribution and for the daily
precipitation block maxima (bottom) again the GEV distribution.

Figure 4.8: From left to right: int of PWP-CTL,int of FCAP-CTL,freq of PWP-CTL,freq of FCAP-
CTL for convective precipitation (top row), and for large-scale precipitation (bottom row) for the sum-
mer period 1959-2006. The corresponding panels for the total precipitation were already shown in Fig.
4.6.
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modification of theTmax PDFs in the sensitivity experiments and focus rather on impacts of
soil moisture memory for heat wave persistence (see alsoLorenz et al.[2010] for hwdimean

vs. hwdi⋆mean). The results for the IAV experiment suggest thus that the impact on heat wave
duration due to removed persistence alone is possibly largecompared to the differences due
to the changes in absolute soil moisture content. Hence, thelarge difference in heat wave
duration found both inFischer et al.[2007a] and in the present study might not only be due to
differences in the absolute SM content but also to differences in soil moisture persistence.

4.5.2 Heavy convection episodes

In the previous sections it was shown that the CLM setup used in this study exhibits a positive
soil moisture-precipitation feedback, when extreme values of SM are prescribed (PWP, FCAP).
However, on wet days it was found that the precipitation characteristics are hardly affected by
SM variations, and that the net resulting effect is mostly induced by a change in the frequency
of precipitation events with SM. Therefore, we additionally analysed several single summer
months with increased convective activity, and focused on regions that are particularly inter-
esting in this respect. Here we focus on results from a singlemonth (July 2006), which was
extremely hot and had a high potential for convection [Hohenegger et al., 2008]. Note that
several additional case studies (not shown) reveal that these results are not dependent on the
time period or on the domain under investigation.

Figure 4.11 displays the analysis for July 2006, with a focuson the Alpine area (similarly
as inHohenegger et al.[2009]). The mean diurnal cycle of precipitation reveals a striking
peak due to afternoon convection (see right panels). Again,the comparison of CTL with PWP
and FCAP suggests a positive SM-precipitation feedback. Interestingly, the convective activity
does not seem to linearly increase with the available soil moisture. Though the SM of CTL lies
in between PWP and FCAP, the diurnal cycle of precipitation in CTL is only slightly larger
than in PWP but much weaker than in FCAP. This can be understood by the increased latent
heat flux in FCAP, and by the parametrisation of convection according toTiedtke[1989]. The
latter is indeed highly non-linear and its strength dependson the atmospheric moisture flux
convergence, thus on LE, and its triggering on the stabilityat the condensation level of a lifted
air parcel.

The lower panels of Fig. 4.11 display the same analyses but for the SSV, ISV and IAV
experiments. For this particular month the absolute value of SM in the experiments is conti-
nously increasing from SSV to IAV. Consistent with this and with the positive SM-precipitation
feedback identified in this model setup, there is a continousincrease in convection from SSV
to IAV compared to CTL as shown by their mean diurnal cycles ofprecipitation. Another in-
teresting feature is the fact that despite identical large-scale forcing in all experiments, not all
single convection events of this month exhibit a positive feedback (holds for all experiments).
Note that these results may be dependent on the model configuration (parametrisations, spa-
tial resolution, etc.). For instanceHohenegger et al.[2009] found diverging SM-precipitation
feedbacks with changes in resolution and in the representation of convection in another version
of the CLM model (version 4.0, see Section 4.2.1). Moreover,also land surface parametrisa-
tions can display a range of sensitivity of evapotranspiration to SM, and large variations in soil
parameters (e.g.Seneviratne et al.[2002, 2006a];Koster et al.[2004];Pitman et al.[2009]).
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Figure 4.9: From top to bottom:nhd [fraction], hwdimax [d] and hwdi⋆max [d] of summer 2003 with
respect to long-term 90th-percentile of CTL simulation (of experiment forhwdi⋆max). Note that for CTL:
hwdimax = hwdi⋆max. From left to right: CTL, SSV-CTL, ISV-CTL, IAV-CTL, PWP-CTL, FCAP-CTL.

Figure 4.10: Fractional difference ((EXP − CTL)/CTL) [%] between the experiment (left panel:
SSV, ISV, IAV; right panel: PWP, FCAP) and CTL fornhd (top panel),hwdimax (middle panel), and
hwdi⋆max (bottom panel) for all summers discussed in Fischer et al. [2007a]. Shown are average values
for the area where the heat waves were strongest (France and Switzerland for 1976, 2003, 2005; France
and Central Europe for 1994). Note the different scales on the y-axis (right panel).



88 CHAPTER 4: LAND-ATMOSPHERE COUPLING AND CLIMATE EXTREMES

Figure 4.11: Left panels: Time series of precipitation [mm/3h] and soil moisture ([cm], insets: model
level 1-5≈ top 50 cm) averaged over the Alpine area for July 2006. The bold lines at the top denote
episodes when the convective precipitation is larger than>80% of the total precipitation. Right panels:
As in left panels but for monthly mean diurnal cycle of precipitation [mm/3h]. Top rows display CTL,
PWP and FCAP. Bottom rows are for CTL, SSV, ISV and IAV.

4.6 Trends in climate extremes and their link to soil moisture

In this section we investigate trends in summer climate overthe period 1959-2006 in the con-
ducted experiments. Of particular interest is the questionof whether changes in soil moisture
characteristics may have any influence on these trends. Using the performed CLM experiments
with and without prescribed SM, this can be easily assessed.We do not perform this analysis
for all diagnostics listed in Table 4.2, but restrict it to the PDFs of daily precipitation andTmax

as described by their mean, inter-quartile range (iqr) andperc95. Moreover, we also analyse
trends of minimum daily temperature (Tmin, not shown), diurnal temperature range (DTR),
cloud cover and SM. This can be investigated using the non-parametric Mann-Kendall tau test
that is based on the Theil-Sen’s trend estimate (robust slope estimator, details in Appendix B).
It is a robust, rank-based test for trends [e.g.Lettenmaier et al., 1994], and we apply it here
to the 48 JJA values (1959-2006) to avoid issues related to serial correlation. Finally, we also
apply a non-stationary extreme value analysis to investigate if the parameters of the GEV of
seasonal maxima of daily precipitation andTmax have a linear trend (details in Appendix B,
likelihood ratio test).

The analysis reveals that the trends are different for simulations with (CTL, SSV, ISV) and
without (IAV, PWP, FCAP) SM trends, respectively. However,since there are no substantial
differences (not shown) between CTL, SSV and ISV, respectively IAV, PWP and FCAP, we
only discuss here the trends for CTL and IAV.

We distinguish here two periods corresponding to the ’global-dimming/global-brightening’
phases [e.g.Wild et al., 2004;Makowski et al., 2009]: 1959-1980 (’1st period’) and 1981-2006
(’2nd period’). Figure 4.12 shows that there is a striking temporal variation in the Theil-Sen’s
trend estimates for the mean of dailyTmax between the 1st and 2nd periods. For CTL there is
a negative trend for the 1st period over the whole of Europe, and a positive trend for the 2nd
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period. For IAV there is a tendency for smaller negative and positive trends for the 1st and 2nd

period, respectively (the numbers in the lower right cornerdenote the area-weighted fraction
of land points with statistically significant trends according to the Mann-Kendall tau test, or
likelihood ratio test forµ, at the 10% level).

The corresponding trends forTmin exhibit similar spatial and temporal patterns but are
weaker (not shown). Moreover, the differences between CTL and IAV are substantially smaller.
Hence, SM (trends) unequally affectTmax andTmin (trends) as also suggested by e.g.Zhang
et al. [2009]. The DTR trends (see Fig. 4.12) are a consequence thereof, and again display
similar spatial and temporal patterns as theTmax andTmin trends.

As a measure of trends of extremes we also investigate the Theil-Sen trend estimates for the
parameters of the GEV (only locationµ and scaleσ) and for the tails of the PDFs of dailyTmax

as given byperc95. The trend patterns ofµ andperc95 are the same as for the mean ofTmax,
but there is a tendency for larger positive trends mainly over Eastern Europe (see Fig. 4.12
for µ). Moreover, the effect of SM trends is particularly strong for the trends in temperature
extremes at least for the 2nd period. On the contrary trends ofσ are hardly significant (not
shown). As a measure of trends in the width of the PDFs of dailyTmax we use the Theil-Sen
estimate for iqr, which again exhibits similar trend patterns, except for Northern Africa and the
Iberian Peninsula (hardly significant, hence not shown).

The pattern of the Theil-Sen’s trend estimates for the precipitation extreme diagnostics are
in line with those for temperature, though much noisier and hardly significant (µ is exemplarily
shown in Fig. 4.12). Again, indices describing the upper tail of the precipitation PDFs exhibit
the strongest positive (1st period) and negative (2nd period) trends, but also trends in the width
of the PDFs are similar to those of the extreme diagnostics. Among the different CLM experi-
ments the trend patterns look similar except for FCAP with smaller negative trends in Southern
Europe (2nd period, likely due to the lack of SM induced summer drying), whereas there are
generally slightly decreased positive (1st) and negative (2nd period) trends forfreq for those
experiments without SM trends (not shown). The trends in precipitation extreme diagnostics
pinpoint to similar results for current climate (2nd period) as obtained in the multi-model anal-
ysis ofFrei et al. [2006] (also including an earlier version of CLM), analysing projections in
extreme precipitation for 2071-2100 compared to 1961-1990: a Southern European decrease
and Northern European increase.

As mentioned above, the temporal characteristics of the trends suggest a link with the
’global-dimming/global-brightening’ phases. The switchfrom the dimming to the brighten-
ing phase, occured during the early 80s likely due to a decline in aerosol emissions. This
resulted mostly in changes in radiation, but one should keepin mind the numerous possible
feedbacks, e.g. through impacts on evapotranspiration [Teuling et al., 2009], circulation pat-
terns [e.g.Rotstayn and Lohmann, 2002], and/or cloud and precipitation formation [Rosenfeld
et al., 2008]. Note that in CLM as well as in the boundary conditionsdriving the experi-
ments (ERA40, ECMWF operational analysis), aerosol concentrations are constant over time
(climatology). Therefore, either trends unrelated to aerosol concentrations, or associated with
indirect (and non-local) effects of the latter, have to be responsible for the simulated trends
in daily Tmax and precipitation in CLM. We cannot clearly disentangle both effects in our
simulations. But note that indirect (and non-local) effects of aerosols (changes in circulation
patterns or atmospheric moisture content, possibly leading to changes in cloud cover) could
indeed be captured by the reanalysis/operational analysisdatasets used as boundary conditions
in our simulations, thanks to the assimilation of radiosonde measurements (see alsoHirschi
and Seneviratne[2010]). Therefore, we also investigate the trends in CLM total cloud cover in
Fig. 4.12. They show the same spatial as well as temporal patterns (with an increase in the 1st
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period and a decrease thereafter) as the trends in dailyTmax and precipitation. Note that the SM
trend patterns (both spatial and temporal) are similar to those of the cloud cover. Since cloud
cover and SM interact with one another, it is difficult to assess their respective independent
contributions to the trends. However, by looking at those simulations without trends in SM,
one finds a small trend reduction in particular forµ of Tmax (but not forµ of precipitation).
Therefore, we conclude that in CLM the trends of dailyTmax, of DTR and offreq are mainly
due to trends in cloud cover caused by the large-scale forcing (circulation patterns, as well as
temperature and relative humidity of incoming air at the domain boundaries), and that SM has
an amplifying effect.

Note that inhomogeneities (e.g. associated with changes inthe global observing system in
1979 or the change from reanalysis to operational analysis in 2002) present in the boundary
data can possibly blur the identified trends [e.g.Bengtsson et al., 2004; Seneviratne et al.,
2004], although, as discussed in Section 4.7, the overall moisture trend in the boundary data
agrees with observations.

4.7 Biases of CTL

In this section, we briefly assess the biases of the CLM reference simulation (CTL) with respect
to observations (E-OBS forTmax and precipitation; ERA40 reanalysis for cloud cover) and in
comparison with the ERA40-driven ENSEMBLES RCMs (E-RCMs, see Section 4.2.2) for the
PRUDENCE subdomain mean values. We only perform the corresponding analysis for the
extremes and trends, whereas for the mean climate and land surface exchanges, or for profiles,
we refer the reader toJaeger et al.[2008, 2009], orBrockhaus et al.[2008], respectively.

If we compare the dailyTmax diagnostics of CTL with those of E-OBS, we identify the fol-
lowing biases (black dots):perc95 (Fig. 4.13 a) andret50 (not shown) are both overestimated
in Southern and particularly in Eastern Europe, whereas in Central and Northern Europe they
are slightly underestimated. Therefore, the North-South and East-West gradients mentioned in
Section 4.4.1 are rather overestimated in CTL. Note that forthe E-RCMs (boxplots) the mag-
nitude and the pattern of the bias is similar as in CTL, and that the latter was already found in
the PRUDENCE RCMs [Kjellström et al., 2007]. While in the E-RCMs the biases ofhwdimax

(Fig. 4.13 b) andhwdimean (not shown) are similar to those ofperc95, there are smaller biases
in CTL with a noisy pattern of over- and underestimation across the whole European conti-
nent. For the precipitation extremes in CTL, we find an overestimation ofperc95 (Fig. 4.13 c)
and offreq (Fig. 4.13 d), which is similar in the E-RCMs and in another CLM version (4.0,
Brockhaus et al.[2010]).

The bottom panels of Fig. 4.13 display biases in trends of several variables for two periods
similar to those considered in Section 4.6 (1961-1980; 1981-2000). The analysis is based on
the Theil-Sen’s trend estimates for the mean of dailyTmax (Fig. 4.13 e), for the GEV location
parameterµ (both forTmax and daily precipitation), and for the total cloud cover. It is striking
that both in CTL and the E-RCMs the trend in mean dailyTmax is underestimated for both
periods (too strongly negative for the 1st period; too small for the 2nd period). For the trends
in extremes ofTmax as given byµ (Fig. 4.13 f) there is a tendency for an underestimation for
the 1st period and an overestimation for the 2nd period, again both in CTL and in the E-RCMs,
whereas for the trends in extremes of precipitation (Fig. 4.13 g) there is hardly any spatial or
temporal structure. The overall CTL cloud trend (first increasing, then decreasing) is in line
with those of the boundary conditions driving the experiments (ERA40, ECMWF operational
analysis, not shown) as well as with surface observations for the 1971-1996 period [Warren et
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Figure 4.12: Linear trends as expressed by Theil-Sen’s trend estimate for the 1st (1959-1980) and 2nd

(1981-2006) summer periods. From left to right: CTL and IAV-CTL for the 1st period; CTL and IAV-
CTL for the 2nd period. From top to bottom: mean dailyTmax [K/y], DTR [K/y], location parameterµ
of GEV from a non-stationary extreme value analysis for daily Tmax [K/y] and for daily precipitation
[mmd−1/y], total cloud cover [%/y], and soil moisture [m/y] (modellevel 1-7≈ top 1.9 m).
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al., 2007]. There is a slight tendency in the total cloud cover trend of the E-RCMs (but less so
in CTL) for an underestimation in the 1st and an overestimation in the 2nd period (Fig. 4.13 h).
Finally, note thatMakowski et al.[2009] found generally weak correlations between modeled
and observed summer DTR trends in the E-RCMs, but much highercorrelations for CLM (our
CLM simulation corresponds to ETHZ44 in Table 6 of their study).

In summary, the biases of extremes and trends of the CLM simulations (CTL) used for this
study are comparable to those of current state-of-the-art RCMs. This appears to be independent
of resolution since the analysed E-RCMs have a horizontal resolution of 25 km compared to
50 km for CTL.

4.8 Conclusions

This study investigates the role of soil moisture variability on different time scales as well as
of extreme values of soil moisture for the European summer climate. For this aim, a control
simulation and a set of sensitivity experiments with prescribed SM conditions are performed
with the regional climate model CLM over the time period 1958-2006, using ECWMF reanal-
ysis and operational analysis data as boundary conditions.We focus in the analysis on the role
of SM for temperature and precipitation extremes, as well ason trends thereof. Some of the
results are also evaluated with the E-OBS observations and the ERA40 reanalysis dataset, and
the accuracy of the CTL simulation is compared with that of other state-of-the-art RCMs. The
main results of this study are as follows:

[1] As to be expected, the mean summer climate is not stronglyaffected by temporal SM
variability, as the average SM seasonal evolution stays thesame (SSV, ISV, IAV). Nonethe-
less, asymmetric effects on mean climate can be identified from these simulations (in particular
IAV), which suggest a higher impact of soil moisture in dry conditions in Europe. Furthermore,
prescribed extreme values of SM (PWP, FCAP) exhibit a strongimpact on mean climate, with
wet soils (FCAP) leading to an increase in LE and a decrease inH. This causes a shallower,
moister and colder PBL with increased total cloud cover and,consequently, decreased SWnet

and increased LWnet (opposite behaviour for dry soils, i.e. PWP). The net effecton Rnet,
however, is of same sign for the wet and dry simulations (decrease) and is suggestive of asym-
metric effects of SM anomalies. This is in contrast with results of previous studies regarding
SM-precipitation feedbacks [Eltahir, 1998;Scḧar et al., 1999], which suggested a possible in-
crease of Rnet with wetter conditions. Overall, wet soils cause a decreasein Tmax, mainly in
arid areas, and dry soils an increase inTmax, mainly in humid areas. Moreover, CLM exhibits
a positive SM-precipitation feedback in the employed modelversion (with 50 km horizontal
resolution and theTiedtke[1989] convection scheme based on moisture-convergence closure).

[2] Temperature extremes, as investigated by climate extreme indices, PDFs and extreme
value analysis, are strongly affected by the absolute valueand to a smaller extent also by
changes in the temporal variability of SM. This is mainly dueto intraseasonal as well as inter-
annual SM variability, with largest impact over Scandinavia and Central Europe. Our results
also suggest that the reduction of heat waves by 50-80% due toSM effects identified byFischer
et al. [2007a] is not only due to interannual variability of SM but partly also to intraseasonal
variability. In addition, SM memory effects are found to be important for the intrinsic persis-
tence of hot days (see alsoLorenz et al.[2010]). Furthermore, the effect of SM on temperature
is asymmetric with strongest impacts on temperature maxima.

[3] In contrast to the results for temperature, our results suggest that precipitation extremes
are not significantly affected by temporal SM variability. Significant impacts are only found
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Figure 4.13: Boxplots (e.g. Wilks [2006]) showing the bias of the ERA40-driven ENSEMBLES RCMs
(25 km simulations) with respect to E-OBS (forTmax and precipitation) and to ERA40 (for total cloud
cover). The black dots denote the corresponding bias for CTL. The analysis is done for the mean values
of the PRUDENCE subdomains: Britain (BI), Iberian Peninsula (IP), France (FR), Mid-Europe (ME),
Scandinavia (SC), Alps (AL), Mediterranean (MD), and Eastern Europe (EA). Top row shows (from left
to right): bias of the indices a)perc95 (Tmax), b)hwdimax, c)perc95 (daily precipitation,> 1mm/d),
and d)freq (> 1mm/d) for the summer period 1961-2000. Bottom row (from left to right): bias of
trends in e) mean (Tmax), f) µ (Tmax), g) µ (daily precipitation), and h) total cloud cover for the
considered time periods (1961-1980, left values; 1981-2000, right values).

for the extreme experiments (PWP, FCAP) where the wet-day frequency and consequently
the absolute mean summer daily precipitation and5dmax, all have larger values in the wet
case due to increased frequency of days with convective precipitation. However, the wet-day
characteristics, as expressed by e.g.int andperc95, are similar for all experiments.

[4] Trends of dailyTmax and precipitation, as well as of extremes thereof, follow the ’global-
dimming/global-brightening’ trends in radiation in the experiments. In CLM, the trends are
mostly due to trends in cloud cover, whereas SM acts as an amplifier. This is the case in
the experiments, although they do not include directly observed trends in aerosols, but only
possible indirect constraints through the boundary conditions. Trends in the extremes ofTmax

are particularly affected by SM trends. The latter result suggests that the increasing trend in
temperature extremes is partly associated with a drying trend in SM in the simulations.

[5] Trends of dailyTmin are similar to those ofTmax but less affected by SM trends and
therefore smaller. Hence, trends in DTR appear partly due totrends in SM (through its impact
onTmax).

In conclusion, this analysis has shown that soil moisture-climate interactions can have a
significant effect on temperature as well as partly on precipitation extremes for the European
summer climate. Moreover, most of the tendencies in summer climate characteristics projected
for the 21st century, with an increase in temperature all over Europe [e.g. Kjellström et al.,
2007] and a Southern European decrease and Northern European increase in precipitation ex-
tremes [Frei et al., 2006], appear consistent with simulated trends for the past decades in CTL.
These seem to be at least partly linked to SM trends in the simulations. In order to properly
evaluate the model dependency of our results, it would be necessary to repeat the analysis using
different RCMs in a multi-model framework.
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Nes̆lehová and the Seminar for Statistics (ETH) for statistical advice, to Martin Hirschi and
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4.9 Appendix A: Digital Filtering of Soil Moisture

For the prescribed SM experiments SSV, ISV and IAV a zero-phase digital filtering is applied
to compute the SM evolution for each grid point and soil layerseparately. Therefore the input
data (SM from CTL) is processed in both the forward and reverse directions in order to get
precisely zero-phase distortion and a minimization of start-up and ending transients. We use
a digital Butterworth lowpass filter of tenth order. Butterworth filters are characterized by
a magnitude response that is maximally flat in the passband and monotonic overall. They
sacrifice rolloff steepness for monotonicity in the pass- and stopbands. For further details see
the Matlab homepage (www.mathworks.com).

4.10 Appendix B: Tests for Statistical Significance

Here we briefly list the different statistical tests that have been applied in this study:
Two-sided Kolmogorov-Smirnov test:Tests if two samples come from the same continu-

ous distribution (Ho), against the alternative that they do not come from the samedistribution
(Ha). The test statistic is:max(|F1(x) − F2(x)|), whereF1(x) andF2(x) are the empirical
distribution functions of the two samples. This test has been applied to Figs. 4.2, 4.4, 4.5, 4.6,
4.7 and 4.8 (as well as to the figures of the supplementary material).

Non-parametric bootstrap tests:To test if the return values of two different experiments
are significantly different, we calculate 100 bootstrap samples. Then, for each pair of the two
samples we compute the difference to estimate the distribution of the difference between the
two return values. Based on the quantiles of this distribution it can be tested if it is significantly
different from zero (applied in Fig. 4.4 and 4.6). The same procedure has been applied to
test the statistical quantities of the daily precipitationandTmax PDFs listed in the tables of the
supplementary material (using 1000 samples).

Mann-Kendall tau trend test: It is a non-parametric test for trends withHo : time series
values are i.i.dandHa : there is a monotonic (not necessarily linear) trend. It is based on a
robust non-parametric slope estimator called Theil-Sen [Sen, 1968] that is the median of slopes
between all possible data pairs of the time seriesXi (with i = 1, ..., n): βTS = median

i<k
((xk −

xi)/(k − i)). It has been used for Fig. 4.12.
Likelihood ratio test: Tests if two nested models are significantly different from each

other. In this study, it has been applied to the non-parametric GEV models (Fig. 4.12) to assess
if modelM1 (e.g. with a trend inµ) is significantly better than the simpler modelM0 (wherek
components are 0, e.g. no trend inµ), using the deviance statistic:D = 2{l1(M1)− l0(M0)} >
cα, wherel0(M0) and l1(M1) are the maximized log-likelihoods under modelsM0 andM1

respectively, andcα denotes the(1 − α) quantile of theχ2
k distribution [Coles, 2001].



96 CHAPTER 4: LAND-ATMOSPHERE COUPLING AND CLIMATE EXTREMES

4.11 Supplementary Material

Table S3: Statistical quantities describing the temperature [K] PDFs for the French subdomain shown
in Fig. 5 of the paper: mean, standard deviation (std), 99th-percentile (99th-p), inter-quartile range
(iqr), skewness (skew). Bold letters are significantly different from CTL on the 5% level according to a
bootstrap test (details in Appendix B). Note that these statistical quantities are based on the underlying
data (empirical values) rather than on the plotted PDFs.

data mean std 99th-p iqr skew

CTL 294.8 4.23 304.8 6.00 0.17
SSV 294.8 4.17 304.8 5.88 0.17
ISV 294.7 4.01 304.2 5.71 0.14
IAV 294.7 3.89 303.5 5.49 0.09
PWP 300.6 5.35 312.2 7.89 0.02
FCAP 292.4 3.09 299.1 4.38 -0.02

CTL 303.67 1.94 308.06 2.56 0.05
SSV 303.43 1.96 307.99 2.78 0.20
ISV 302.92 1.84 306.94 2.65 0.13
IAV 302.98 1.43 306.33 1.80 -0.02
PWP 311.71 1.89 316.17 2.36 0.10
FCAP 298.72 1.07 301.34 1.310.28

Table S4: As in Table S3 but for the precipitation [mm/d] PDFs shown in Fig. 7 of the paper.

data mean std 99th-p iqr skew

CTL 3.90 2.89 13.90 3.52 1.74
SSV 3.90 2.89 14.00 3.46 1.65
ISV 3.90 2.89 13.80 3.43 1.76
IAV 4.00 2.93 13.90 3.43 1.76
PWP 3.40 2.39 11.80 2.68 1.68
FCAP 4.00 2.90 13.90 3.30 1.95

CTL 12.81 3.38 23.82 3.86 1.08
SSV 12.68 3.09 20.69 4.67 0.51
ISV 12.84 3.49 24.70 3.68 1.41
IAV 13.28 3.35 25.87 4.02 1.32
PWP 9.46 2.67 16.14 3.35 0.52
FCAP 14.14 3.97 28.68 4.45 1.49
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Figure S14: PDFs of dailyTmax [K] using a kernel density estimation. The PDFs are based on the
summer period 1959-2006 for the following PRUDENCE mean subdomain values (from top left to bot-
tom right): Britain (BI), Iberian Peninsula (IP), France (FR), Mid-Europe (ME), Scandinavia (SC), Alps
(AL), Mediterranean (MD), and Eastern Europe (EA). Simulations with bold legend entries are signif-
icantly different from CTL at the 5% level according to the two-sided Kolmogorov-Smirnov test.The
corresponding panel for the French subdomain is shown in Fig. 5 of the paper.

Figure S15: The same as in Fig. S14 but for mean subdomain daily precipitation [mm/d] larger than
1 mm/d using a Gamma fit. The corresponding panel for the French subdomain is shown in Fig. 7 of the
paper.
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Ruth Lorenz1, Eric. B. Jaeger1, and Sonia I. Seneviratne1

Abstract

In this study, we assess the role of soil moisture for heat wave persistence using simulations
with a regional climate model. Several studies have investigated changes in the frequency of
hot summer days but very few investigated changes in their persistence. We use two different
heat wave thresholds, either defined by the 90th - percentile of the control run or by the 90th -
percentile of the respective sensitivity experiment. We identify that simulations with prescribed
soil moisture, even for constant dry conditions, present a lower intrinsic heat wave persistence
(and autocorrelation of hot days) than simulations with interactive soil moisture. This effect
is related to the impact of soil moisture memory in the interactive simulations. Such effects
may be overlooked when only using a threshold defined by the 90th - percentile of the control
run for the definitions of hot days. Our results highlight thekey role of soil moisture memory
for the persistence of heat wave events, beside the known effect of soil moisture on heat wave
intensity.

1Institute for Atmospheric and Climate Science, ETH Zurich,Switzerland
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5.1 Introduction

Observational studies have identified that the frequency ofhot summer days and heat waves
over Europe has increased during the past years [e.g.Klein Tank and K̈onnen, 2003;Della-
Marta et al., 2007a]. Climate model simulations project that this trendwill continue in the
future and extremely hot summers will become more frequent,more intense and longer lasting
[Meehl and Tebaldi, 2004; IPCC, 2007, and references therein]. According toScḧar et al.
[2004] andVidale et al.[2007] this trend goes along with an increase in interannualtemperature
variability in summer. Seneviratne et al.[2006b] identified that this projected increase in
temperature variability is strongly related to changes in soil moisture (SM) and in particular to
changes in the strength of SM-atmosphere coupling.

The land energy and water balances are coupled via the latentheat flux associated with
evapotranspiration (ET). In SM-limited regions, the partitioning of the surface energy into sen-
sible (H) and latent heat (LE) fluxes is strongly determined by SM. If SM is lacking, all the
energy is used by H and, consequently, air temperature is strongly enhanced. Regions where
SM most impacts the atmosphere are transitional zones between dry and wet climates [Koster
et al., 2004a]. In Central Europe, similar effects were found to play a central role during heat
wave summersFischer et al.[2007a]. More recently,Jaeger and Seneviratne[2010] showed
that SM effects on temperature are asymmetric and mostly affect hot extremes.

In addition, SM is an important memory component within the climate system [Koster
and Suarez, 2001;Seneviratne et al., 2006a]. Because SM is a slowly varying variable, the
associated seasonal storage of water in the soils leads to long-term memory effects with time
scales of several weeks to months [e.g.Koster and Suarez, 2001;Seneviratne et al., 2006a].
Other slowly varying components which cause atmospheric persistence would be ice, snow or
sea surface temperature.

In this study we investigate the role of SM for heat wave persistence using regional climate
model experiments performed with CLM (see section 2.1). While previous studies such as
Durre et al. [2000] andFischer et al.[2007a] focus on the impact of SM for the intensity of
hot days we look here specifically on the impact of SM memory onheat wave persistence and
the autocorrelation of hot days. To our knowledge such effects were not studied in previous
studies.

5.2 Methods

5.2.1 Model Description

The present numerical experiments are performed with the CLM regional climate model
(RCM), which corresponds to the climate version of the COSMO-model (COnsortium for
Small-scale MOdeling). We used CLM version 2.4.11 with0.44◦ (≈ 50 km) horizontal grid res-
olution, 32 vertical layers, 10 soil layers and a model time step of 240 seconds. Lateral bound-
ary conditions are derived from ERA40 reanalysis data (1958–2001) [Uppala et al., 2005]
and from the ECMWF operational analysis dataset (2002–2006), whereas the initial conditions
correspond to the climatological values of a long-term ERA40-driven CLM simulation.

This CLM model version has been validated with regard to its mean climate [Jaeger et al.,
2008] and to land surface processes and land-atmosphere interactions [Jaeger et al., 2009]. For
more details on the model dynamics and physics see the documentation on the CLM homepage
(http://www.clm-community.eu/).
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5.2.2 Experimental Design

The experimental set-up includes a control run (CTL) and three sensitivity experiments (PWP,
FCAP, IAV). The CTL simulation covers 49 years for the period1958–2006 and has an interac-
tive SM. For PWP, FCAP, and IAV the CTL simulation was repeated with the same model set-
up but uncoupling SM from the atmospheric evolution (using the same method as e.g.Koster
et al. [2004a] andSeneviratne et al.[2006b]). In these uncoupled simulations, SM is pre-
scribed at each time step for each grid point separately depending on the respective soil type.
In IAV SM is prescribed by a smoothed annual cycle without interannual variabilityJaeger
and Seneviratne[2010]. In PWP and FCAP, SM is set to its minimum (permanent plant wilting
point, PWP) or maximum (field capacity, FCAP) value in order to assess the impacts of ex-
treme values of SM on climate (see supplementary material for an illustration of SM evolution
in all experiments). By prescribing SM in this way, precipitation, runoff and surface fluxes do
not influence SM in the uncoupled set-ups, hence forcing anomalies do not lead to SM anoma-
lies. This effectively shuts down persistence associated with SM. In this study, SM memory is
defined as how soil can remember wet or dry (as well as cold or hot) conditions that cause SM
anomalies. Hence, there is no SM memory in our experiments.

5.2.3 Measures of Heat Waves

The analysis focuses on different heat wave duration indices (hwdi, hwdi⋆). A heat wave is
defined here as the number of consecutive days (at least two) where the daily maximum temper-
ature (Tmax) exceeds a given threshold. Hereafter, we use the long-term90th - percentile (90p)
as threshold, either calculated from the control run (hwdi) or the actual model run (hwdi⋆).
The indices are based onTmax values over the 92-day period June, July, August (JJA) for the
analysed 48 years (1959–2006). For each summer day, 90p is calculated for a 5-day window
centered on the respective calendar day over the same analysis period (1959–2006). Then, in-
dices are computed by calculating the mean length of the 90p exceedances. Note that the 5-day
window as well as the 2-day heat wave threshold induce effects, but testing revealed that those
are small and not systematic.

By comparing two different time series (e.g. distinct modelexperiments, model simulation
vs. observations), differences in the heat wave duration defined with a common threshold
(hwdi) can be induced by two factors: 1) There can be a difference inthe distribution functions
(PDF) ofTmax which results in more (less) frequent threshold exceedances and thus a higher
(lower) likelihood of ’long’ heat wave events; 2) alternatively there can be a difference in the
temporal clustering (persistence) of highTmax values, even independently of any changes in
the PDFs. When the 90p value of the actual time series is used as threshold (hwdi⋆), 10% of
the data must necessarily exceed this threshold (but only if90p andhwdi⋆ are calculated for
the same periods). We can thus infer from a difference inhwdi⋆ between two time series that
they are characterized by a different number of threshold exceedances and, hence, a different
mean length of threshold exceedances. This goes along with adifference in the autocorrelation
of Tmax and in the persistence. Accordingly, with the joint analysis of hwdi andhwdi⋆, it is
possible to disentangle differences in heat wave duration caused by differences in the intrinsic
persistence (autocorrelation) ofTmax (clustering of hot days) and due to differences in the PDF
of Tmax.

Figure 1 displays a schematic with an idealized heat wave event averaged over all events
that illustrates the implied distinctions between thehwdi andhwdi⋆ indices. If there is an
increase inTmax for the experiment (T(EXP1)) compared to the control run (T(CTL)),hwdi is
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Figure 1: Schematic illustrating the distinction betweenhwdi (left panel) andhwdi⋆ (right panel) for
an idealized heat wave temperature curve averaged over all events for the control (T(CTL)) and the dry
(warmer) (T(EXP)) experiment. T(EXP1) and T(EXP2) denote two possible curves for the experiment
with the same 90p (long-term 90th-percentile). Both T(EXP1) and T(EXP2) have a PDF that is shifted
to higher values compared to CTL, but only T(EXP2) has a decreased persistence in temperature (note
the change in the shape of the curve). Left panel:hwdi is increased for T(EXP1) compared to T(CTL).
Right panel:hwdi⋆ is identical for T(CTL) and T(EXP1). hwdi⋆ changes only if the persistence (shape)
between T(EXP) and T(CTL) differs (e.g. becomes narrower like for T(EXP2)). In the supplementary
material we present case studies which illustrate this effect in the actual simulations.

generally increased (Fig. 1a). However,hwdi⋆ is only modified if persistence itself is different,
hence, if the shape of the temperature curve changes (T(EXP2) vs. T(EXP1), Fig. 1b).

5.3 Results

The mean climate characteristics of PWP, FCAP, and IAV compared to CTL are briefly sum-
marized here. More details are provided inJaeger and Seneviratne[2010] as well as in the
supplementary material (section 2). In summary, in PWP low SM leads to a decrease in LE and
an increase in H. This causes a deeper, drier and warmer planetary boundary layer, associated
with decreased total cloud cover and precipitation. FCAP presents the opposite behaviour. IAV
for its part shows only a weak modification of the mean climate. In the present study we focus
on the heat wave persistence characteristics of CTL, PWP, FCAP, and IAV.

5.3.1 Differences in Heat Wave Duration Indices

Figures 2a and 2e displayhwdi andhwdi⋆ for the CTL experiment (identical since forhwdi
the reference threshold is set to the 90p of the CTL simulation for all experiments). The mean
heat wave duration in CTL is roughly 2.5–3.5 days across Europe. Note that similar values
are found for other RCMs (ENSEMBLES simulations: http://ensembles-eu.metoffice.com/)
and observations (see supplementary material). Figure 2 reveals thathwdi is significantly
increased for PWP (2b) and decreased for FCAP (2c), as expected according to the changes
in mean climate and implied differences in 90p (warmer climate in PWP and colder climate
in FCAP). For IAV, hwdi is slightly decreased across the whole of Europe (2d). For their
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Figure 2: Maps of mean heat wave duration indices [days] for the summerperiod (JJA) 1959–2006 for
CTL (a,e), PWP-CTL (b,f), FCAP-CTL (c,g), and IAV-CTL (d,h). The top row displayshwdi and the
bottom row displayshwdi⋆ (see text for definition). Note that for CTL,hwdi is identical tohwdi⋆. The
numbers in the lower right corner denote the area-weighted fraction of the significance on the 5% level
based on a one-sided Kolmogorov-Smirnov test (see supplementary material for details).

part, the differences inhwdi⋆ (Fig. 2f–h) between all experiments and CTL are smaller than
those forhwdi and, interestingly, of the same sign for all experiments (decrease across most of
Europe). This decrease is significant on a 5%-level for 79-82% of the grid points for all three
experiments (value in corner of plots, based on a one-sided Kolmogorov-Smirnov test using
200 bootstrap samples).

Detailed analysis of single heat wave events shows that pronounced heat waves occuring
in CTL can also be identified in PWP, FCAP and/or IAV (see supplementary material for case
studies). Consequently, the occurence of heat waves is largely influenced by the large-scale
circulation patterns which are not significantly perturbedin our experiments (same boundary
conditions), and SM acts as an amplifying/dampening factor.

Changes in the mean duration of heat waves defined using the 90p of the CTL (hwdi) have
the same sign as changes in mean temperatures (positive for PWP; negative for FCAP and
IAV), whereas the mean duration of heat waves defined based onthe 90p of the actual model
run (hwdi⋆) show decreasing values for all simulations with prescribed SM. To shed more light
on the implied decrease in persistence, the threshold exceedances ofhwdi⋆ are analyzed in
more detail in the next sections.

5.3.2 Impact of Soil Moisture onTmax Threshold Exceedances

Figures 3a and 3d display the differences in 90p threshold exceedance length between CTL and
the experiments for the Iberian Peninsula and Mid-Europe, 2of the 8 PRUDENCE subdomains
defined e.g. inChristensen and Christensen[2007]. The differences between CTL and the ex-
periments are statistically significant (tested with a two-sided Kolmogorov-Smirnov test). In
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Figure 3: From left to right: Differences between histograms of the lengths of the 90p exceedances (a,d),
autocorrelations ofTmax (b,e), and histograms of the amplitude of the 90p exceedances for CTL and
experiments (c,f). Note that the 90p thresholds are taken from the respective simulation (as forhwdi⋆).
Top row: Iberian Peninsula, Bottom row: Mid-Europe.

PWP, FCAP, and IAV the number of short heat waves (≈2–3 days) increases, whereas the num-
ber of longer heat waves (>3 days) is decreased. The increase in 2-day heat wave frequency
amounts up to 8%, whereas e.g. the frequency of 5-day heat waves decreases on average by
≈2% (over all 8 domains). Hence, heat waves in the PWP, FCAP, and IAV experiments are in
general shorter than those in CTL. This behaviour points to adecrease of heat wave persistence
when SM is prescribed (i.e. no SM memory). Hence, in our experiments, temperature time
series exhibit more frequent fluctuations which are dominated by other components than SM
and therefore the persistence of intrinsic heat waves is likely to be decreased. In the control run
SM memory results in a higher persistence of heat waves. While the effect is by itself small, we
find that it is associated with significant changes in the autocorrelation ofTmax (see hereafter).

5.3.3 Impact of Soil Moisture on Autocorrelation ofTmax

Figures 3b and 3e display the autocorrelations ofTmax for the Iberian Peninsula and Mid-
Europe domains. Before calculating the autocorrelations,the time series were detrended to
avoid different trends in CTL and the experiments. Nonetheless, no strong effects of trends
were identified. Consistent with our findings regarding the persistence of heat waves in the
simulations, we see that for CTL, the autocorrelation ofTmax is indeed larger than for PWP,
FCAP and, IAV for all lags (1-20 days). This is due to the lack of SM memory in the sensitivity
experiments associated with less persistence and a decrease in hwdi⋆. Note that the net effect
amounts to ca. 20% for a 5-day lag, 30% for a 10-day lag and even50% for a 20-day lag.
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5.3.4 Impact of Soil Moisture on Amplitudes of Tmax Threshold Ex-
ceedances

The exceedance amplitudes (Fig. 3c and 3f) are smallest for FCAP, of medium size for IAV
and highest for both CTL and PWP. The small amplitudes for FCAP are a result of the damping
effect of SM. The similar shape of the histograms for PWP and CTL is a consistent feature in all
domains (not shown). Hence, even though exceedance amplitudes are much smaller in the wet
simulation (FCAP), they are not further increased for the dry simulation (PWP) compared to
CTL, suggesting that heat waves in the CTL simulation occur under conditions similar to those
in PWP (dry soils). This is consistent with the results ofFischer et al.[2007a], which identified
heat waves in Europe to be associated with (and to a large extent caused by) anomalously dry
SM conditions. Consequently, the effect of SM on exceedanceamplitude is asymmetric and
not further enhanced in permanently dry climate (PWP) according to our model simulations.
Note that this applies to the mean climate characteristics of the simulations but not necessarily
to extreme summers, seeJaeger and Seneviratne[2010]. Hence, our simulations highlight
two different effects of SM on heat waves: an enhancement (dampening) of the exceedance
amplitudes under dry (wet) conditions, while these effectscan be asymmetric, and an increase
of persistence due to the persistence associated with SM conditions.

5.4 Discussion and Conclusions

To investigate the impact of SM on heat wave persistence we performed several RCM exper-
iments with the CLM model for the period 1959–2006. A heat wave is defined here by the
length of exceedance ofTmax above a certain temperature threshold, in our case for at least two
consecutive days.

Our results reveal an impact of SM for the heat wave persistence, which can be explained by
the impact of SM memory. Indeed, we identify a decreasing tendency ofhwdi⋆ in the dry run
(PWP), the wet run (FCAP), as well as the experiment with removed interannual variability
of SM but same mean SM (IAV), i.e. a decreasing persistence ofhigh temperatures when
SM is prescribed at a constant level or seasonal cycle. In addition, with prescribed SM, the
autocorrelation ofTmax for these experiments is significantly decreased (from 20% for 5-day
lags to>50% for 20-day lags), and the number of short exceedances increases while longer
exceedances are less frequent.

This study also highlights the importance of the exact definition of the duration of heat
waves using thehwdi vs respectively thehwdi⋆ indices. As we illustrate, an enhancement
of the heat wave duration can be diagnosed when using a commonthreshold (hwdi index)
for cases when e.g. only the mean temperature is changed. However, when using relative
thresholds (hwdi⋆), such changes are only found in the case of changes of intrinsic persistence
of hot days. Since society is likely better able to adapt to changes in mean climate (at least
to some extent) then to the clustering of given extreme events, we can argue that changes in
the intrinsic heat wave persistence, as measured byhwdi⋆, may be more relevant than changes
induced by mean temperature changes only, for instance in the context of climate change. Our
findings indicate that the strength of SM memory is particularly relevant for this persistence
measure.
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5.5 Supplementary Material

5.5.1 Simulation set-up

In order to illustrate the simulation set-up, Figure S4 displays the soil moisture evolution in
CTL, PWP, FCAP, and IAV for one grid point on the Iberian Peninsula.

Figure S4: Illustration of the soil moisture evolution of the different experiments for one grid point.
Shown is the 2nd model soil level for the period 2002-2005. Adapted from Jaeger and Seneviratne
[2010].

5.5.2 Mean climate

Figure S5 illustrates the main behaviour of the model in the experiments. The first row shows
the mean temperature for CTL and the differences to the experiments. The second row shows
the same for precipitation. In the bottom row the bowen ratio, illustrating the ratio of sensible
to latent heat flux, for CTL as well as the differences betweenPWP, FCAP respectively IAV to
CTL is shown.

5.5.3 Significance testing

According to the CECILIA (www.cecilia-eu.org/) definition, the heat wave duration indices are
calculated over the whole period of interest. This results in one value only for each grid point,
which makes testing for statistical significance difficult.To circumvent this issue, we artificially
increase the sample size by using a block bootstrap method. Out of our 48 years (each having
92 summer days) we randomly draw 48 years with replacement and calculatehwdi andhwdi⋆

for this new time series (separately for each grid point). This is repeated 200 times in order
to obtain an empirical distribution function forhwdi andhwdi⋆. A sample size of 200 is still
small, but limited by the computational constraints associated with the size of the datasets. The
statistical significance is then assessed with a one-sided Kolmogorov-Smirnov test based on a
5%-significance level. It tests if two samples come from the same continous distribution (H0),
against the alternative that their underlying distributions differ (Ha). The numbers drawn in
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Figure S5: First row: Temperature in CTL and differences PWP-CTL, FCAP-CTL and IAV-CTL. Second
row: Precipitation for CTL and differences PWP-CTL, FCAP-CTL and IAV-CTL. Bottom row: Bowen
ratio for CTL and differences PWP-CTL, FCAP-CTL and IAV-CTL.
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the lower right corner of the plots in Figure 2 denote the averaged area-weighted fraction of
significantly different grid points.

5.5.4 Model validation

The analysis ofhwdi⋆ was also performed for E-OBS observationsHaylock et al. [2008] as
well as different ENSEMBLES RCMs (E-RCMs, http://ensembles-eu.metoffice.com/). The
derived patterns in CTL are similar to those in the observations as well as in the other RCM
simulations, with CLM performing very well compared to E-OBS (better than most analyzed
E-RCMs). These results are presented in Figure S6.

5.5.5 Case studies

To detail and illustrate the highlighted mechanisms duringheat wave events we had a closer
look at specific summer heat wave events, such as the 1976 and 2005 heat waves in France and
SpainFischer et al.[2007a]. Figure S7a shows the temporal evolution ofTmax from the end
of June to the beginning of July in the summer 1976 for CTL, PWP, FCAP and IAV, as well as
their long-term 90th - percentiles over France. The inset displaysTmax for CTL for the whole
year 1976 as well as the corresponding long-term climatology and its typical interannual range
(±1 std). Additionally, the soil moisture anomaly is indicated in green. It is striking that heat
waves occur together with large soil moisture anomalies. The mainTmax peaks seen in CTL
are also visible in PWP, FCAP and IAV, but the signal is highlyincreased (PWP), respectively
damped (FCAP, IAV), in the model experiments. In PWP,Tmax is larger, however, the decrease
in hwdi⋆ is clearly seen. For FCAP and IAV,hwdi⋆ is also significantly decreased. This effect
can also be seen in other examples (e.g. June 2005 Iberian Peninsula, Figure S7b). However,
depending on the magnitude of the soil moisture influence theeffect can be larger or smaller.

5.5.6 Remarks on the Method

Three aspects regarding the employed method have to be kept in mind:

1. Same periods for 90p andhwdi⋆: To hold that 10% of the data must necessarily exceed
the90th-percentile threshold forhwdi⋆, the time periods for the calculation of 90p and
of hwdi⋆ must be exactly the same.

2. 2-day threshold: Due to the fact that per definition for 10%of the daysTmax is above
90p and, hence, any differences inhwdi⋆ must be associated with a different number of
90p threshold crossing (i.e. persistence differs) differences inhwdi⋆ between two data
sets can only come from differences in their intrinsic persistence. However, this is only
fully true if hwdi⋆ would be calculated without applying a 2-day threshold. We tested if
this has a systematic effect on the result. The values ofhwdi andhwdi⋆ with/without the
2-day threshold are slightly different. However, the impact is small and non-systematic.

3. 5-day window for 90p: The 90p are calculated over a 5-day window centered over the
corresponding day. This is done in order to increase the sample size for the calculation
of the 90th - percentile, and guarantees that its annual cycle is rathersmooth. However,
it comes at the expense of the 90p at a given day not exactly representing the long-term
90th - percentile of this particular day of the year. Again, the impacts of the 5-day window
turn out to be small and non-systematic.
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Figure S6: First row: hwdi⋆ for a) E-OBS, b) CTL and c) difference. 2nd to 4th row: hwdi⋆ for several
E-RCMs for the time period 1961-2000. The E- RCM ETHZCLM corresponds to another model version
of COSMO-CLM. All models were driven by ERA40 data.
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(a) 1976 FR,hwdi⋆ for CTL (≈14 days), PWP (≈11.5 days), FCAP (≈9 days),
and IAV (≈12 days).

(b) 2005 IP,hwdi⋆ for CTL (≈8.5 days), PWP (≈6 days), FCAP (≈6.5 days),
abd IAV (≈6 days).

Figure S7: Temperatures for all model runs during heat wave events. Thearrows indicatehwdi⋆

lengths for all model runs. Additionally, temperature during the whole year for CTL incl. soil moisture
anomaly.





Chapter 6

Conclusions and outlook

’My work consists of two parts: of the one which is here, and ofeverything which I have not
written. And precisely this second part is the important one.’

(Ludwig Wittgenstein, 1889 - 1951)

6.1 Conclusions

In the previous chapters of this thesis, interactions between land surface and the atmosphere
have been investigated based on models and observations. Emphasis has been set on the impact
of soil moisture on temperature and precipitation (extremes and trends) for the current Euro-
pean summer climate. The results are mainly based on findingsfrom numerical experiments
performed with the CLM regional climate model, driven with ECMWF reanalysis (ERA40)
and operational analysis data for the past 50 years. Possible model uncertainties are investi-
gated by comparisons with other RCMs and/or with several observational data sources. The
obtained results for the current European summer climate may be summarized as follows:

• Model selection and validation:A comparison of several long-term ERA40 driven CLM
simulations (version 2.4.6/2.4.11) reveals no particularbenefits of increased horizontal
resolution (0.22◦ rather than0.44◦) except for better resolved fine-scale structures. While
the large-scale circulation is represented more realistically with a nudging in the interior
of the model domain (spectral nudging), temperature and precipitation are not. Sim-
ulations with CLM version 2.4.6/2.4.11 are slightly too warm (Eastern Europe) / too
cold (Western Europe) and dry in summer, whereas version 4.0has an anomalous cold
and wet bias. For both versions this is due to cloud cover overestimation and net radi-
ation underestimation (but particularly strong in version4.0) . Overall, the multimodel
analysis reveals that the CLM setup with version 2.4.6/2.4.11, 0.44◦ horizontal resolu-
tion and driven with ERA40 reanalysis is accurate for modeling the European summer
climate. Moreover, a comparison of CLM 2.4.6/2.4.11 to other state-of-the-art RCMs
(PRUDENCE simulations) indicates biases of the same order of magnitude.

• Representation of land-atmosphere coupling (LAC):Despite the summer underestima-
tion of the net radiation associated with a cloud cover overestimation, latent heat flux
(evapotranspiration), which is a crucial element for land-atmosphere coupling, is accu-
rately modeled and most of the error in surface radiation goes into the sensible heat flux.
In CLM this is particularly an issue during periods of low observed cloud cover. The un-
derestimation of the Bowen ratio is a consequence thereof. Larger values of the minimal
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stomatal resistance could partly correct for the deficiencyof a net radiation underestima-
tion. Moreover, a comparison of several land-atmosphere coupling diagnostics reveals
an accurate representation in CLM 2.4.6/2.4.11.

• Impact of LAC on the mean climate:Numerical experiments reveal that the CLM setup
used for this study exhibits a strong soil moisture-temperature coupling and a positive soil
moisture-precipitation feedback. These interactions involve several processes that are ac-
curately modeled according to existing theoretical knowledge: More evapotranspiration
over wet soils leads to a smaller Bowen ratio, to a shallower,moister and colder bound-
ary layer, to more clouds, more convection, and thus to more soil moisture. Nonetheless,
asymmetric effects on mean climate can be identified in the experiments, which suggest
a higher impact of soil moisture in dry conditions.

• Impact of LAC on temperature extremes:The contribution of land-atmosphere cou-
pling to temperature extremes is substantial. Particularly the interannual but also the
intraseasonal variability of soil moisture cause episodesof low soil moisture that can
strongly amplify extreme temperature events. The quantification of the contribution of
soil moisture-temperature feedbacks to the number of hot summer days is≈ 40-70% and
thus in line with a previous study performed with a differentRCM. Roughly speaking,
half of the total effect is due to interannual and the other half due to intraseasonal variabil-
ity of soil moisture, whereas only a very small fraction can be attributed to short-term soil
moisture variability. Moreover, the effect of soil moisture on temperature is asymmet-
ric with strongest impacts on temperature maxima and smaller impacts on temperature
minima. The contribution of soil moisture memory to atmospheric persistence of heat
waves is quite large, as shown by numerical experiments withprescribed soil moisture
contents. The application of two different heat wave indices allows to disentangle the
effects of differences in heat wave lengths between two climate simulations (e.g. dry vs.
wet climate) due to either a change in the temperature distribution or due to a change in
the atmospheric persistence.

• Impact of LAC on precipitation extremes:Over dry soils convection is less frequent.
However, on rainy days the precipitation characteristics are not markedly affected by
differences in soil moisture contents.

• Impact of LAC on trends:Land-atmosphere coupling leads to small trends in soil mois-
ture. These are amplifying the observed temperature trendsassociated with global dim-
ming and brightening via an amplification of the cloud cover and, hence, the precipitation
trends. This is particularly the case for the trends in the extremes. However, the impact
on the daily minimum temperature is smaller than the one on the maximum temperature.
Thus, soil moisture trends lead to an amplification of the observed trends in the diurnal
temperature range.

• Model dependency:The biases in the surface fluxes of heat and moisture that are highly
relevant for land-atmosphere coupling are of comparable magnitude as in other state-of-
the-art RCMs (ICTS simulations) and the ECMWF operational analysis. The models
all exhibit too small Bowen ratios, whereas the large net radiation underestimation is a
specific feature of CLM. Compared to the ENSEMBLES RCMs, CLM exhibits similar
biases for the upper tail of the daily maximum temperature distribution, with an over-
estimation for Southern and Eastern Europe, and an underestimation for Central and
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Northern Europe. CLM overestimates heavy precipitation events across the whole Euro-
pean continent, which is again consistent with the ENSEMBLES RCMs. Moreover, the
biases in temperature and precipitation trends are of comparable magnitude in CLM and
in the ENSEMBLES RCMs.

Overall, interactions between land surface and the atmosphere are found to have a sub-
stantial impact on the European summer climate. This holds particularly for the extremes in
temperature, but partly also for precipitation extremes and the mean climate. Moreover, it could
be especially relevant in the future climate.

6.2 Outlook

The preceding considerations on the impact of land-atmosphere interactions on the European
summer climate raise a series of questions, which may be investigated in further studies. They
concern the following aspects:

• Circulation modification by land-surface processes:The CLM experiments with pre-
scribed soil moisture exhibit a substantial modification ofthe large-scale circulation. In
reality such circulations anomalies would modify the global Rossby waves on the sphere.
However, using a one-way nesting approach for the dynamicaldownscaling, such effects
cannot be accurately modeled. Alternatively, except for the rather complex two-way
nesting approach, one could use a GCM to overcome this shortcoming. Analyses of
the current GLACE-2 experiments (http://gmao.gsfc.nasa.gov/research/GLACE-2/) may
shed more light on this issue.

• Interplay between SST, circulation and land-surface processes: Using a GCM or an
RCM with an increased computational domain, one could in addition to land-atmosphere
coupling also assess the influence of SST and circulation anomalies on episodes of ex-
treme climatic conditions (e.g. heat waves or heavy convection events). Moreover, the
interplay of SST, circulation and land-atmosphere coupling and their impact on climate
extremes could be analysed in more detail. Such experimentsare in planning and will be
conducted after completion of this thesis.

• Phenology and dynamic vegetation:One caveat of the model setup used in this thesis
is that plant phenology has no interannual variability. Hence, effects like an early veg-
etation green-up in spring, that for instance in 2003 possibly led to a drying out of the
soils and consequently to an amplification of the heat wave, cannot be accurately mod-
eled. However, there is now a new CLM version available, which is coupled to a more
sophisticated land surface scheme (NCAR’s Community Land Model, implemented by
Edouard Davin at ETH Zurich). In this setup the plant phenology (leaf area index) is
depending on the carbon assimilation and, hence, can be modeled as a function of the
climatic conditions. Moreover, the Community Land Model can optionally be run with a
dynamic vegetation module that allows to model plant cover changes with time.

• Dependence on model version:The current thesis is mainly based on results obtained
with CLM version 2.4.6 or 2.4.11. Meanwhile, there were several model updates, al-
though, as identified in Chapter 2, the more recent CLM version 4.0 presents larger
biases than the chosen 2.4.x versions. It would be particularly interesting to investigate
if the land-atmosphere coupling characteristics are also reasonably modeled with CLM
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versions 4.x. Moreover, the model setup of this thesis uses the traditional Tiedtke con-
vection scheme. Thus, it would be worth to compare the results to those obtained using
CLM with the new convection scheme implemented by Peter Brockhaus at ETH Zurich
(ECMWF-IFS).

• Seasonal forecasting:This thesis has shown that land-atmosphere interactions can have a
strong impact on the local boundary layer structure, as wellas on the large-scale circula-
tion. Due to the memory associated with soil moisture, a realistic representation of these
interactions can help to improve mid-range to seasonal-range weather forecasting. So
far the necessary long-term predictability is mostly basedon the increased atmospheric
persistence associated with sea surface temperatures, butthese forecasts have a poor skill
for the summer mid-latitudes. Properly initialized snow cover and soil moisture could
as well add some potential benefit to this predictability. This also requests an accurate
representation of the relevant physical processes.

• Model validation:A large part of this thesis dealt with the validation of regional climate
models. While for temperature or precipitation for instance there are various long-term
observations available, data sets of land surface characteristics (e.g. soil moisture and
surface flux measurements) are scarce. However, with the increasing interest of the
climate community for land-atmosphere interactions in recent years, new data sets are
becoming available (e.g. SwissSMEX for soil moisture) and some recent ones are pro-
longed (e.g. FLUXNET for surface fluxes). This allows a thorough validation of land
surface characteristics that is relevant for an accurate representation of land-atmosphere
coupling in climate models.
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On the relationship between diurnal temperature range
and surface solar radiation in Europe

Journal of Geophysical Research, 2009, 114, D00D07, doi:10.1029/2008JD011104.

K. Makowski1, E. B. Jaeger1, M. Chiacchio1,
M. Wild1, T. Ewen1, and A. Ohmura1

Abstract

The surface solar radiation (SSR) is an important factor influencing the local and global en-
ergy budget. However, information on the spatial and temporal variation of SSR is limited. A
more commonly available measure, which may provide such information, is the diurnal temper-
ature range (DTR). In this study we analyze the relationshipbetween DTR and SSR in Europe
between 1970 and 2005 on seasonal and decadal scale. When comparing the mean anomalies
time series composed of 31 pairs of sites with longterm SSR and DTR measurements, we found
a correlation coefficient of 0.87 in the annual mean and between 0.61 and 0.92 in the seasonal
mean anomalies. When investigating the individual pairs ofSSR and DTR individually, we
found that local correlations are mostly lower than the European mean and that they decrease
rapidly in seasons and latitudes with low incident angles and at high alpine altitude. The high-
est correlation on local and seasonal scales seems to be connected with the variability of the
largescale circulation in Europe. The output of 11 simulations of current generation regional
climate models over Europe confirms the strong relationshipbetween SSR and DTR. The sea-
sonal dependence of the relationship is well reproduced, but the absolute values of DTR and
SSR are mostly too low. The pattern of decrease (dimming) andincrease (brightening) in SSR
and DTR was not reproduced in the modeled time series. There is still strong evidence from
both models and observations that DTR is a reliable representative of SSR.

1Institute for Atmospheric and Climate Science, ETH Zurich,Switzerland
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Analysis of CCLM model biases in relation to
intra-ensemble model variability

Meteorologische Zeitschrift, 2008, Volume 17(4), pages 369–382.

A. Roesch1, E. B. Jaeger1, D. Lüthi1, and S. I. Seneviratne1

Abstract

We present an analysis of the climatologies and the interannual variations of 2m-
temperature and precipitation for ensemble simulations performed with the CCLM for Europe.
Special focus is put on the analysis of the intra-ensemble variabilities. CCLM predicts a pro-
nounced cold bias in spring and summer over large parts of Europe north of approximately
40N. In contrast, the model suffers from a distinct warm biasin Northern Europe in winter.
Precipitation is clearly overestimated in Europe during all seasons, with the exception of a dry
summer bias extending from Italy to the Black Sea. CCLM distinctly overestimates the precip-
itation variations over most of Europe while temperature variations tend to be underestimated
in Northern Europe and overestimated in the Mediterranean.The study shows that temperature
and precipitation biases for both the mean and interannual variability are critically dependent
on the ensemble member that is selected for the evaluation. It is therefore essential to use en-
semble simulations for model validation in order to avoid random model biases for both the
mean and interannual variability of temperature and precipitation. The results suggest that the
intra-ensemble variability relative to the model bias is higher for interannual variability than for
the mean. It can thus be concluded that the model’s performance in predicting climate extremes
cannot be properly evaluated using only one model simulation. Finally, we also compare sev-
eral extreme indices (largest number of consecutive frost days, summer days, wet days, and dry
days). The study shows that the cold summer bias leads to an underestimation of the largest
number of consecutive summer days over major parts of the model domain. The wet model
bias in Central and Northern Europe leads to a distinct underestimation of the largest number
of consecutive dry days.

1Institute for Atmospheric and Climate Science, ETH Zurich,Switzerland
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B.1 Introduction

Climate time series are often non-stationary. Besides seasonal or decadal variabilities inherent
in the climate system, this is mainly due to long-term trends. A trend in a time series is a
slow, gradual change in some property of the series over the whole period of investigation.
Sometimes it is loosely defined as a long term change in the mean, but it can also refer to
changes in other statistical properties, like for instancein variance. In traditional time series
analysis, a time series is decomposed into trend, seasonal or periodic components, and irregular
fluctuations, and the different components are studied separately. Modern analysis techniques
frequently treat the series without such a decomposition (e.g. SSA, see next section).

Detrending is the statistical or mathematical operation ofremoving a trend from the time
series. Sometimes it is used as a pre-processing step to prepare time series for analysis by
methods that assume stationarity. Often it is applied to remove a feature thought to distort
the characteristic of interest (e.g. standard deviation, correlation, covariance). One example
that is of particular interest in climate science is the question whether there are changes in the
variability of future temperatures. Time series with trends lead to an artifical, trend-induced
inflation of variability, which needs to be corrected if the focus is on changes in intrinsic vari-
ability [Scherrer et al., 2005]. Though many studies apply linear or piecewise linear detrending
methods (see Section B.2), climate model temperature time series typically exhibit clear non-
linear trends, particularly if the 21st century is considered. However, there are many alternative
methods available for detrending, and some of them are briefly compared in this chapter (see
Section B.2). Moreover, a sophisticated method is presented for the investigation of the uncer-
tainty associated with detrending in Section B.3. Then, in Section B.4, the detrending methods
are applied to the CLM simulations used in this thesis (Chapters 3-4).

B.2 Detrending Methods

The identification of a trend in a time series is subjective, because it cannot be unequivocally
distinguished from low frequency fluctuations (e.g. seasonal cycle, 11-year solar cycle). While
for instance the 11-year solar cycle can be identified in a 100-year time series, it might be
missinterpreted as a trend in a shorter 20-year time series.Therefore, physical knowledge of
the system can help in this respect, but since it is often lacking, one has to rely on statistical
methods in order to separate trends from intrinsic variability:

1. Linear least-squares regression: If a time seriesY (t) exhibits a gradual linear change
over time, the trend can be obtained by a linear regression:

X(t) = β0 + β1t + ǫ(t), (B.1)

wheret denotes the time,X(t) is the random variable describing the trend andǫ(t) is the
noise component. The vectorβ contains the regression coefficients that are estimated by a
minimization of the sum of the squared residuals (least-squares).

2. Robust linear least-squares: Since the least-squares regression is not robust with respect
to outliers, there are superior methods to estimate the regression coefficients. Rather than min-
imizing the sum of the squared residuals, one can for instance also minimize the absolute value
of the residuals, theL1-Norm. The latter belongs to the so called M-estimators. However,
there are even more robust estimators, the S- or MM-estimators (e.g. seeVenables and Ripley
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[2002]).

3. Piecewise linear least-squares:This method was proposed byScherrer et al.[2005] and
tries to reduce the effect of non-linearities upon the trendestimation, by fitting a set of (robust)
linear least-squares regressions to subsequences of the original time series.

4. Polynomial least-squares:Non-linear trends can sometimes more realistically be approx-
imated by a similar model than the one given in Eq. (B.1) including higher ordert-terms. This
yields to the so called polynomial regression:

X(t) = β0 + β1t + β2t
2 + ... + βpt

p + ǫ(t), (B.2)

wherep denotes the order of the polynomial.

5. Smoothing algorithms: A different way to obtain reliable estimates of a trend is to smooth
the original time series until only the trend is left. The ’Loess’ algorithm for instance uses local
regression (1st or 2nd order) and weighted linear least-squares. There is also a robust version
of ’Loess’. The so called ’seasonal trend decomposition procedure based on Loess’ STL, is an
algorithm that decomposes time series into trend, seasonaland remainder components using
the Loess algorithm [Cleveland et al., 1990].

6. Digital filtering: Similar to the smoothing algorithms the trend is obtained bysmoothing
the input time series using e.g. a moving average filter. Alternatively, the original time series
can directly be highpass filtered in order to remove its trend.

7. Wavelet analysis: The most famous method for signal processing is the Fourier analysis,
which breaks down a signal into constituent sinusoids of different frequencies (ω):

F (ω) =

∫ +∞

−∞

f(t)e−iωtdt, (B.3)

whereF (ω) is the Fourier transform of the input signalf(t). Wavelet analysis has advan-
tages over traditional Fourier analysis for representing discontinuities and sharp peaks, and for
accurately deconstructing and reconstructing finite, non-periodic and/or non-stationary signals.
Therefore, wavelet analysis [e.g.Torrence and Compo, 1998] is often applied to assess time
series with trends, discontinuities etc.:

W (a, b) =

∫ +∞

−∞

f(t)Ψ(a, b, t)dt, (B.4)

whereW (a, b) denotes the wavelet transform off(t), Ψ is the wavelet function (’mother
wavelet’) anda andb are the scale and shift, respectively. While smooth sinusoids (eiωt =
cos(ωt) + isin(ωt)) are the basis of Fourier analysis, wavelets (Ψ) that are a irregular and
asymmetric waveform of limited duration are the basis for wavelet analysis. The wavelets are
scaled (given bya) and shifted (given byb) copies (’daughter wavelets’) of a finite-length or
fast-decaying oscillating waveform (’mother wavelet’).

8. Singular spectrum/system analysis (SSA):SSA is designed to extract information from
short and noisy time series, such as non-linear trends or anharmonic oscillations that can be
phase- and amplitude-modulated. This property makes SSA superior to the well-known Fourier
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analysis, which is based on fixed basis functions (sines and cosines). The idea behind SSA is
to partition a time seriesY (t) into its subsignals by creating a trajectory matrixZ consisting of
time-lagged vectors ofY (t). SSA proceeds by diagonalizing theM×M lag-covariance matrix
C of Z to obtain spectral information onY (t). Solving

ET CE = Λ, (B.5)

yields theM eigenvectorsE of the lag-covariance matrixC that are called temporal empiri-
cal orthogonal functions (EOFs). The eigenvaluesΛ are proportional to the explained variance
of the corresponding EOFs. Projecting the time series onto each EOF yields the principal
components (PCs)Ak:

Ak(t) =
M∑

j=1

Y (t + j − 1)Ek(j), 1 ≤ k ≤ M. (B.6)

Therefore, SSA is often also called ’principal component analysis in the time domain’. The
entire time series or parts of it (e.g. trend) that are associated with a single EOF (or several)
can be reconstructed by using linear combinations of the associated PCs (for more details see
e.g.Ghil et al. [2002];Mahecha et al.[2007]).

B.3 Estimation of Uncertainty

In order to quantify the uncertainty of the various detrending approaches described in Section
B.2 simple bootstrap confidence bounds could be obtained in the following way:

1. detrend time seriesY (t) to obtain the residualsR(t), where the trend is denotedX(t)
(with Y (t) = X(t) + R(t)).

2. randomly shuffle the residualsR(t) to obtainR̃(t) and add this back to the trendX(t) to
get Ỹ (t).

3. repeat step 1 and 2 many times usingỸ (t) instead ofY (t) in order to get a large sample
of detrended time seriesR(t).

4. for eacht calculate2.5% and97.5% quantiles based onR(t) (e.g. 1000 samples) to get
a95% confindence bound for the detrended time seriesR(t).

However, the randomization applied in step 2 destroys the intrinsic structure inherent in
the detrended time seriesR(t). Therefore, an alternative algorithm called ’Iterative Amplitude
Adapted Fourier Transform’ (IAAFT) is applied. After the randomization step it additionally
adjusts both the power spectrum and the amplitude distribution of R(t) to those of the input
time seriesY (t), to obtain so called surrogate time series [Venema et al., 2006].

B.4 Results

Before the different detrending methods are applied to gridded CLM model fields of T2m, Fig.
1 exemplarily displays the detrending of a 240-year ECHAM5 summer (JJA) seasonal mean
time series using the robust version of the smoothing algorithm Loess. Additionally, Table 1
gives the interannual variability of this time series as estimated by the standard deviation using
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the different detrending methods listed in Section B.2. It is striking that detrending markedly
reduces the variability of a time series and, hence, the estimation of the interannual variability
of temperature (≈ 27 − 43% reduction). Moreover, methods based on a linear trend (methods
1-2) result in higher values (≈ 25%) for the interannual variability compared to methods that
allow for non-linear trends (methods 4-8). Method 3 that uses piecewise linear trends provides
similar results as methods 4-8. However, the selection of the breakpoints is somewhat arbitrary
and, therefore, the method is only little suitable for application to gridded data fields. Note that
there are more sophisticated algorithms, which automatically estimate the most appropriate
breakpoint(s) based on the underlying data.
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Figure 1: Detrended ECHAM5 JJA seasonal mean time series for a grid point over Southern Germany
for the period 1860 to 2099 (grey line). The black bold line gives the trend as estimated using method
5 (smoothing algorithms, robust version of Loess). The black thin line gives the detrended time series,
with the shaded areas denoting a95%−confidence interval as given by the IAFFT algorithm.

Fig. 2 displays the effect of detrending on different statistical measures using the same long-
term CLM simulation as in Chapters 3-4. The top panels give the respective measure without
detrending ofT2m, the middle panels the difference of the measures with (using method 5)
minus without detrending, and the bottom panels the difference of the measures with (using
method 5) minus with (using method 1) detrending.
The first measure of interest is the interannual variabilityof T2m for JJA seasonal means (left
panels). The effect of detrending is largest in the Mediterranean and over Eastern Europe, with
a substantial reduction of0.2 − 0.5 K which corresponds to roughly30%. Note that this area
also exhibits the strongest trends in Tmax as shown in Chapter 4. However, in Chapter 4 it is
also shown that the trends are not linearly increasing over time. Therefore, if the non-linear

Table 1: First row: Interannual variability of detrended T2m for the ECHAM5 time series shown in Fig.
1 as estimated by the standard deviation (std). Second row: Reduction of the interannual variability for
the different detrending methods if compared to the original time series.

Method: 1 2 3 4 5 6 7 8
std [K] 1.43 1.43 1.16 1.13 1.15 1.14 1.12 1.13
∆ std [%] 26.7 26.5 40.5 41.8 40.9 41.6 42.6 42.1
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detrending method 5 is compared to a linear one (e.g. method 1), clear differences appear.
Both, the standard deviation ofT2m and the standard deviation of the linearly detrendedT2m

markedly overestimate the interannual variability ofT2m.
Secondly, the correlation ofT2m and LE is investigated, which is a measure for soil moisture-
temperature coupling (see Chapter 3). Again the effect of detrending is largest in the Mediter-
ranean but also in Northeastern Europe, with a substantial reduction of negative correlations of
≈ 0.3 which corresponds to roughly30%. Again, the correlations are substantially overesti-
mated if linear or no detrending forT2m is performed.
Finally, the right panels of Fig. 2 show the soil moisture-precipitation feedback measure of
Notaro [2008]. High values of this diagnostic indicate strong coupling between soil moisture
and subsequent precipitation. However, the pattern is quite noisy and only partly matches to
the one presented in the latter study that is based on 19 IPCC AR4 models. The effect of non-
linear detrending can still be seen and exhibits a similar pattern as before, though much noisier.
Among other things this is due to the fact that mean summer precipitation trends for the last 50
years are smaller and less consistent than those forT2m.
In summary, this section has shown that detrending of climate time series can be necessary for
the calculation of (quantities based on) higher order moments such as variance, standard devi-
ation, correlation, covariance, in order to get reliable estimates of the relationships of interest
(e.g. interannual variability). The importance of detrending depends on the strength of the trend
in the underlying time series. Detrending methods that account for non-linear trend behaviour
are crucial if the trend in the underlying time series is indeed non-linear. This particularly be-
comes an issue for the investigation of future climate and long time series (e.g. as shown in
Fig. 1). Detrending methods that account for non-linear trends provide substantially different
results than such that account for linear trends. However, thereby it is secondary which of the
methods accounting for (non-)linear trends is actually used.
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Figure 2: Illustration of the effect of detrending on different statisical measures using CLM data for
the summer period 1959-2006. Top left panel displays theT2m interannual variability as given by the
standard deviation of JJA seasonal means [K]. Top middle panel shows the correlation betweenT2m

and LE [-]. Top right panel displays the feedback diagnostic of Notaro [2008] for precipitation and
soil moisture [cm months−1 / 40 kg m−2]. The panels in the middle show the difference of the top panels
with minus without detrending ofT2m using method 5 (smoothing algorithms, robust version of Loess).
Bottom row: the same but for method 5 minus method 1 (linear least-squares regression).
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(Emil Gumbel, 1891-1966)

131





C.1 INTRODUCTION 133

C.1 Introduction

The investigation of extremes in Chapter 4 is partly based onextreme value theory, which is
briefly introduced in this appendix. It is mainly based on results and formulas ofColes[2001],
and partly also onMcNeil et al.[2005].
Extreme value theory (EVT) is a branch of statistics and probability theory that deals with mod-
eling and inference for extreme values [Coles, 2001]. The objective is to quantify the stochastic
behaviour of a process at very large (or small) levels and to make statements on the probability
of events that are more extreme than ever observed. Therefore, maximum (minimum) values of
a data sample are used to infer the extreme behaviour of the underlying process that generated
the data [Coehlo et al., 2008]. The models for the tails of the distributions are derived from
asymptotic limit theorems [e.g.McNeil et al., 2005]. There are several methods to select the
maximum (minimum) values of a data sample such as, block maxima (e.g. monthly maxima),
the r-largest values (e.g. the five largest values in a year),or peaks over threshold (exceedances
above a predefined threshold).

C.2 Limiting Behaviour of Maxima

First, let us recall the well-known limiting law of sums and averages, the central limit theorem:
Let X1, X2, ...Xn be a sequence of independent and identically distributed (i.i.d.) random

variables with meanµ and finite varianceσ2. Let Sn = X1 + X2 + ... + Xn = nX̄. Then

lim
n→∞

P

(
Sn − nµ√

(nσ2)
≤ x

)
→ Φ(x), (C.1)

whereΦ is the distribution function (df) of the standard normal distribution. There is a
similar limiting law for extremes, the so called extremal types theorem [Coles, 2001]:

Let X1, X2, ...Xn again be i.i.d. from the dfF and letMn = max(X1, ..., Xn). If there
exist sequences of constants(an > 0) and(bn) such that

lim
n→∞

P

(
Mn − bn

an

≤ x

)
= lim

n→∞
F n(anx + bn) → H(x), (C.2)

where H is a non-degenerate distribution function, then H belongs to one of the follow-
ing families: Gumbel, Fréchet or Weibull families (the so called extreme value distributions).
These three distribution families can be combined into a single family of models having df of
the form:

H(x) = exp

{
−

[
1 + ξ

(
x − µ

σ

)]−1/ξ
}

, (C.3)

defined on{x : 1 + ξ(x − µ)/σ > 0}, where−∞ < µ < ∞, σ > 0 and−∞ < ξ < ∞.
This is the generalized extreme value (GEV) family of distributions, which is a three parameter
df with locationµ, scaleσ and shapeξ parameters.
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C.3 Block Maxima Method

Using the results of the previous section leads to the following statistical procedure for model-
ing extremes of a series of i.i.d. observations:

• block data into sequences of m blocks with each having lengthn

• generate a series of block maximaMn,1, Mn,2, ...Mn,m

• fit the GEV df to this data using e.g. maximum likelihood estimation (MLE, see below)

Note that there is a trade off between bias and variance: we reduce the bias by increasing
the block size n, we reduce variance by increasing the numberof blocks m. The maximum
likelihood estimation of Eq. (C.3) can then be written as:

l(µ, σ, ξ) = −m log(σ) − (1 + 1/ξ)
m∑

i=1

log

[
1 + ξ

(
xi − µ

σ

)]
−

m∑

i=1

[
1 + ξ

(
xi − µ

σ

)]−1/ξ

,

(C.4)

provided that

1 + ξ

(
xi − µ

σ

)
> 0, for i = 1, ...., m. (C.5)

However, the Gumbel case (ξ = 0) requires separate treatment, leading to the following
log-likelihood:

l(µ, σ) = −m log(σ) −
m∑

i=1

(
xi − µ

σ

)
−

m∑

i=1

exp

{
−

(
xi − µ

σ

)}
. (C.6)

Maximization of Eq. (C.4) and (C.6) with respect to the parameter vector(µ, σ, ξ) leads
to the maximum likelihood estimates(µ̂, σ̂, ξ̂). However, there is no analytical solution and
maximization has to be done using a numerical optimization algorithm.
A further quantity that is often used in EVT is the so called return level (zp) associated with
the return period (1/p). The levelzp is expected to be exceeded on average once every1/p
years if the block size is 1 year. The return period is given bythe expectation of a geometrical
distribution, which is indeed1/p. The return level is defined as follows:

P (Mn ≤ zp) = 1 − p. (C.7)

AssumingP (Mn ≤ zp) ≈ H(zp) and invertingH(zp) = 1 − p leads to the quantilezp:

zp =

{
µ − σ

ξ

[
1 − {− log(1 − p)}−ξ

]
, for ξ 6= 0,

µ − σ log {− log(1 − p)} , for ξ = 0.
(C.8)

Figure 1 (left panel) gives an example of a so called return level plot that displays the return
level of Tmax as a function of the return period based on the GEV df.
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Figure 1: Return level plot for summer (1959-2006) block maximas of subdomain mean Tmax for the
Mediterranean subdomain (left panel). The right panels displays the same but using the peak-over-
threshold method. Additionally, 95% confidence intervals based on 1000 bootstrap samples are shown
(thin grey lines) and the estimated return value of the 50-year return level is labeled.

C.4 Peak-Over-Threshold Method

Modeling only block maxima is a rather wasteful approach to extreme value analysis. A poten-
tial alternative is to model extremes as exceedances above ahigh threshold (u), the so called
peak-over-threshold (POT) approach. The excess distribution aboveu has df:

Fu(x) = P (X − u ≤ x|X > u) =
F (x + u) − F (u)

1 − F (u)
, x > 0. (C.9)

Extreme value analysis suggests that the so called generalized pareto distribution (GPD) is
a natural approximation for this distribution. The GPD is a two parameter distribution with df:

G(x) = 1 −

(
1 +

ξx

σ̃

)−1/ξ

, (C.10)

defined on{x : x > 0 and(1 + ξx/σ̃) > 0}, whereσ̃ = σ + ξ(u − µ).
Hence, if block maxima ofX1, X2, ...Xn have approximating distributionH, then threshold

excess have a corresponding approximate distribution within the generalized Pareto family.
The shape parameterξ is the same in both models, invariant to block size and dominant in
determining the qualitative behaviour of the respective distribution. The m-observation return
level is given byxm = u + σ log(mζu), whereζu = P{X > u}. Figure 1 (right panel) gives
an example of a return level plot based on the GPD df. Note thatin the displayed case the
corresponding estimated return levels of Tmax between the block maxima and the POT models
are almost identical for the 50-year return period .
The determination of the threshold is a non-trivial step in the POT approach. Usually graphical
methods like the so called mean excess plot are applied to come up with suitable values foru
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(for details see e.g.Coles[2001]). As for block maxima, there is a trade of between biasand
variance: highu reduces the bias, lowu reduces the variance.
After the threshold has been determined, the parameters of the GPD can again be estimated by
MLE using thek exceedances of the thresholdu, which yields:

l(σ, ξ) = −k log(σ) − (1 + 1/ξ)

k∑

i=1

log(1 + ξxi/σ), for ξ 6= 0 (C.11)

provided(1 + σ−1ξxi) > 0, otherwisel(σ, ξ) = −∞. In the caseξ = 0 we get:

l(σ) = −k log(σ) − σ−1
k∑

i=1

xi. (C.12)

However, note that forξ < −0.5 MLE does not provide accurate estimates of the GPD
parameters [Smith, 1985]. At least for the GEV case applied to hydrological data,Martins and
Stedinger[2000] showed that moments, L-moments or estimates based ona Bayesian prior for
ξ (e.g. Beta distribution) provide superior results (see also Frei et al. [2006]). For precipitation
this was also done in our study in Chapter 4. See Fig. 2 for a comparison of estimatedξ without
and with a Bayesian prior, applied to all grid points within the France subdomain.

C.5 Temporal Dependence

The models discussed before have been derived using the i.i.d. assumption. However, for most
geophysical time series temporal independence is not a realistic assumption due to persistence
inherent in the climate system. The most natural generalization of an independent process is a
stationary process, which is more realistic for geophysical applications. It corresponds to a se-
ries whose variables are mutually dependent, but whose stochastic properties are homogeneous
through time. Usually one argues that the eventsXi andXj are close to being independent
at timesi andj that are far enough apart. Then, maxima of stationary seriesfollow the same
distributional limit laws as those of independent series:

H1(x) = Hθ
2 (x), (C.13)

whereH1 is the GEV of a stationary process andH2 the GEV of a sequence of independent
variables with the same marginal distribution. The parameter θ is the so called extremal index,
which also corresponds to (limiting mean cluster size)−1, and satisfies0 < θ ≤ 1. For modeling
block maxima one can thus apply the same procedure as for independent time series discussed
before (Section C.3), though the estimated parameters willbe different. Similar arguments
suggest that the GPD remains appropriate for threshold excess. However, there is a tendency for
extremes to cluster in time for stationary series. This causes dependence and therefore violates
the i.i.d assumption the log-likelihood (Eq. (C.11) and (C.12)) was based on. Since there is
no general theory for an alternative likelihood that incorporates the dependence, one usually
applies so called declustering methods to obtain thresholdexcesses that are approximately
independent. One particularly simple approach is the so called runs declustering [e.g.McNeil
et al., 2005]. In this method a run sizer is fixed (e.g. 5 days for climate data) and two
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Figure 2: Estimatedξ of a block maxima analysis for daily summer precipitation (1959-2006) for the
Mediterranean subdomain. The histogram on the left panel gives the MLE estimation without, and on
the right panel with a Bayesian prior forξ (given by the black bold line, the same on both panels). Note
the different scales on the y-axis.

successive exceedances are said to belong to two different clusters if they are separated by
a run of at leastr values below the threshold. Thereafter, the GPD is fitted to these cluster
maxima. However, there are more subtle approaches in EVT trying to model short-term serial
dependence [e.g.Chavez-Demoulin et al., 2005] using a so called marked point process model
for threshold excess, by combining a self-exciting processfor the threshold exceedance times
with a time dependent process for the threshold excess. Withthat, recent events affect the
current frequency for exceedances more than distant ones, and it also allows the frequency to
depend on the severity of the events.
Note that also spatial dependence can be an issue particularly for geophysical data. We will
only shortly mention one recent study byCoehlo et al. [2008]. They use a POT model that
can account for spatial and temporal variation. Therefore,they fit the model over neighbouring
grid points while accounting for possible spatial variation across these points and, hence, obtain
smooth spatially pooled estimates. For further informations on multivariate extremal models
we refer the reader toColes[2001] or toMcNeil et al.[2005].

C.6 Extremes of Non-stationary Sequences

In the previous section we stated that the most natural generalization of an independent process
is that of a stationary process. However, geophysical time series are often non-stationary. Long-
term trends (e.g. due to climate change) or seasonal effectslead to non-stationarity. However,
both the block maxima and the POT approach allow to model non-stationarities by the inclusion
of covariates as long as parameter estimation is based on MLE(e.g. not possible if L-moments
are used). Typically,µ, σ andξ are modeled as a (linear, cubic, etc.) function of the covariate
time [Kharin and Zwiers, 2005] or any meaningful climate parameter, such as e.g. theNAO
index [Brown et al., 2008]:
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Ω(t) = h(XTβ), (C.14)

whereΩ denotesµ, σ or ξ, h is a specified function (the so called inverse-link function),β
is a vector of parameters, andX is a model vector (e.g. time, NAO).

C.7 Model Choice

If covariates are included in modeling extremes, there is the problem of choosing the ’best’
model. The idea is to select the simplest model possible, that explains as much of the variation
in the data as possible. Maximum likelihood estimation of nested models leads to a simple test
procedure to check whether the sub-modelM0 with parameterθ(0) is a plausible reduction of
the full-modelM1 with parameterθ = (θ(1), θ(0)), under the constraint that thek−dimensional
subvectorθ(1) = 0. This test is called likelihood ratio test and is based on thefollowing criteria:

D = 2{l1(M1) − l0(M0)} > cα. (C.15)

D is called the deviance statistic,l0(M0) and l1(M1) are the maximized log-likelihoods
under modelsM0 andM1 respectively, andcα denotes the(1−α) quantile of theχ2

k distribution.
Large values ofD (> cα) indicate that modelM1 is significantly better thanM0 at levelα.

C.8 Point Process

Finally, we would like to present a characterisation of extreme value behaviour that is par-
ticularly elegant, and unifies all the models discussed before. The block maxima model, the
r-largest order statistic model and the threshold excess model are all special cases of the so
called point process representation. However, there are advantages of the point process model,
especially if non-stationary effects are modeled. Since all parameters of the model are inde-
pendent on the thresholdu, time-varying thresholds are easy to implement.
A point process on a setA is a stochastic rule for the occurence and position of point events. A
point process onA ⊂ R

k is said to be a k-dimensional non-homogenous Poisson point process,
if it satisfies the property of independent counts on non-overlapping subsets and, for allA ⊂ A:

N(A) ∼ Poi(Λ(A)), (C.16)

where

Λ(A) =

∫

A

λ(x)dx. (C.17)

N(A) denotes the number of events in the setA, λ(x) is the density function andΛ is the
intensity measure of the Poisson process. Poisson processes are ideal to model point events
that occur randomly in time and that do not depend on neighbouring point events. Now let
X1, X2, ..., Xn be a series of i.i.d. random variables for which there are sequences of constants
{an > 0} and{bn} such that Eq. (C.2) holds, and letx− andx+ be the lower and upper
endpoints of the GEVH(x) respectively. Then, the sequence of point processes
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Nn = {(i/(n + 1), (Xi − bn)/an) : i = 1, ..., n} (C.18)

converges on regions of the form(0, 1) × [u,∞), for anyu > x−, to a Possion process,
with intensity measure onA = [t1, t2] × [x, x+) given by

Λ(A) = (t2 − t1)

[
1 + ξ

(
x − µ

σ

)]−1/ξ

. (C.19)

The unknown parameters(µ, σ, ξ) of the point process can again be obtained by solving the
corresponding likelihood function:

LA(µ, σ, ξ; x1, ..., xn) = exp{−Λ(A)}

N(A)∏

i=1

λ(ti, xi) (C.20)

∝ exp

{
−ny

[
1 + ξ

(
u − µ

σ

)]−1/ξ
}

N(A)∏

i=1

σ−1

[
1 + ξ

(
xi − µ

σ

)]− 1

ξ
−1

. (C.21)

Two dimensional (marked) Poisson point processes have beenapplied e.g inSmith[1989],
Chavez-Demoulin et al.[2005], orBrown et al.[2008].
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[59] Frei, C., R. Schöll, S. Fukutome, J. Schmidli, and P. L.Vidale (2006), Future change
of precipitation extremes in Europe: Intercomparison of scenarios from regional climate
models,J. Geophys. Res., 111, D06105, doi:10.1029/2005JD005965.

[60] Ghil, M., M. R. Allen, M. D. Dettinger, K. Ide, D. Kondrashov, M. E. Mann, A. W.
Robertson, A. Saunders, Y. Tian, F. Varadi, and P. Yiou (2002), Advanced spectral methods
for climatic time series,Rev. Geophys., 40, 1003, doi:10.1029/2000RG000092.

[61] Gibson, J. K., P. Kallberg, S. Uppala, A. Noumura, A. Hernandez, and E. Serrano (1997),
ERA Description, ECMWF Re-Analysis Project Report Series,Reading, UK.

[62] Gilgen, H., and A. Ohmura (1999), The Global Energy Balance Archive (GEBA),B. Am.
Meteorol. Soc., 80, 831–850.

[63] Gilmanov, T. G. et al. (2007), Partitioning European grassland net ecosystem CO2 ex-
change into gross primary productivity and ecosystem respiration using light response func-
tion analysis,Agric. Ecosyst. Environ., 121, 93–120.

[64] Giorgi, F., M. R. Marinucci, and G. Visconti (1990), Useof a Limited-Area Model Nested
in a General Circulation Model for Regional Climate Simulation Over Europe,J. Geophys.
Res., 95, 18413-18431.

[65] Giorgi, F., L. O. Mearns, C. Shields, and L. Mayer (1996), A Regional Model Study of
the Importance of Local versus Remote Controls of the 1988 Drought and the 1993 Flood
over the Central United States,J. Climate, 9, 1150-1162.

[66] Giorgi F. (2002), Variability and trends of sub-continental scale surface climate in the
twentieth century. Part II: AOGCM simulations,Clim. Dynam., 18, 693–708.

[67] Granier, A. et al. (2000), The Carbon Balance of a Young Beech Forest,Funct. Ecol., 14,
312–325.

[68] Granier, A. et al. (2007), Evidence for soil water control on carbon and water dynamics in
European forests during the extremely dry year: 2003,Agric. For. Meteorol., 143, 123–145.

[69] Haarsma, R. J., F. Selten, B. van den Hurk, W. Hazeleger,and X. Wang (2009), Drier
Mediterranean soils due to greenhouse warming bring easterly winds over summertime
central Europe,Geophys. Res. Lett., 36, L04705, doi:10.1029/2008GL036617.

[70] Hagemann, S. B., B. Machenhauer, O. B. Christensen, M. Déqué, D. Jacob, R. G. Jones,
and P. L. Vidale (2004), Evaluation of water and energy budgets in regional climate models
applied over Europe,Clim. Dynam., 23, 547–567.

[71] Hagemann, S., K. Arpe, and L. Bengtsson (2005), Validation of the hydrologi-
cal cycle of ERA40, In ECMWF ERA-40 Project Report Series, No. 24. European
Centre for Medium-Range Weather Forecasts, Shinfield, Reading, UK (available from
http://www.ecmwf.int/publications).



148 BIBLIOGRAPHY

[72] Hatakka, J. et al. (2003), Overview of the atmospheric research activities and results at
Pallas GAW station,Boreal Env. Res., 8, 365–383.

[73] Haylock, M. R., N. Hofstra, A. M. G. Klein Tank, E. J. Klok, P. D. Jones, and M. New
(2008), A European daily high-resolution gridded dataset of surface temperature and pre-
cipitation,J. Geophys. Res., 113, D20119, doi:10.1029/2008JD10201.

[74] Heck, P., A. Zanetti, R. Enz, J. Green, and S. Suter (2004), Natural catastrophes and
man-made disasters in 2003,Sigma Report, No. 1/2004.

[75] Hirschi, M., S. I. Seneviratne, and C. Schär (2006a), Seasonal variations in terrestrial
water storage for major mid-latitude river basins,J. Hydrometeor., 7, 39–60.

[76] Hirschi, M., P. Viterbo, and S. I. Seneviratne (2006b),Basin-scale water-balance estimates
of terrestrial water storage variations from ECMWF operational forecast analysis,Geophys.
Res. Lett., 33, doi:10.1029/2006GL027659.

[77] Hirschi, M., S. I. Seneviratne, S. Hagemann, and C. Sch¨ar (2007), Analysis of seasonal
terrestrial water storage variations in regional climate simulations over Europe,J. Geophys.
Res., 112, D22109, doi:10.1029/2006JD008338.

[78] Hohenegger, C., and P. L. Vidale (2005), Sensitivity ofthe European climate to aerosol
forcing as simulated with a regional climate model,J. Geophys. Res., 110, D06201,
doi:10.1029/2004JD005335.

[79] Hohenegger, C., P. Brockhaus, and C. Schär (2008), Towards climate simulation at cloud
resolving scales,Meteorol. Z., 17, 383–394.

[80] Hohenegger, C., P. Brockhaus, C. Bretherton, and C. Schär (2009), The soil moisture pre-
cipitation feedback in simulations with explicit and parameterized convection,J. Climate,
22, 5003-5020.

[81] IPCC (2007), Climate Change 2007: The Physical ScienceBasis. Contribution of Work-
ing Group I to the Fourth Assessment Report of the Intergovernmental Panel on Climate
Change [Solomon, S., D. Qin, M. Manning, Z. Chen, M. Marquis,K. B. Averyt, M. Tignor,
and H. L. Miller (eds.)]. Cambridge University Press, Cambridge, United Kingdom and
New York, NY, USA, 996 pp.

[82] IPCC (2007), Summary for Policymakers, In: Climate Change 2007: The Physical Sci-
ence Basis. Contribution of Working Group I to the Fourth Assessment Report of the Inter-
governmental Panel on Climate Change [Solomon, S., D. Qin, M. Manning, Z. Chen, M.
Marquis, K. B. Averyt, M. Tignor, and H. L. Miller (Eds.)]. Cambridge University Press,
Cambridge, United Kingdom and New York, NY, USA.

[83] Jacob, D., L. Bärring, O. B. Christensen, J. H. Christensen, M. de Castro, M. Déqué,
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[139] Roesch, A., E. B. Jaeger, D. Lüthi, and S. I. Seneviratne (2008), Analysis of CLM model
biases in relation to intra-ensemble model variability,Meteorol. Z., 17, 369–382.

[140] Rosenfeld, D., U. Lohmann, G. B. Raga, C. D. O’Dowd, M. Kulmala, S. Fuzzi, A.
Reissell, M. O. Andreae (2008), Flood or Drought: How Do Aerosols Affect Precipitation?,
Science, 321, 1309–1313.

[141] Rossow, W. B., R. A. Schiffer (1999), Advances in Understanding Clouds from ISCCP,
Bull. Amer. Meteor. Soc., 80, 2261–2288.

[142] Rotstayn, L. D., and U. Lohmann (2002), Tropical rainfall trends and the indirect aerosol
effect,J. Climate, 15, 2103–2116.

[143] Rowell, D. P., and R. G. Jones (2006), Causes and uncertainty of future summer drying
over Europe,Clim. Dynam., 27, doi:10.1007/s00382–006–0125–9, 281–299.

[144] Salvucci, G. D., J. A. Saleem, R. Kaufmann (2002), Investigating soil moisture feed-
backs on precipitation with tests of Granger causality,Adv. Water Resour., 25, 1305–1312.
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