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Abstract
he observed changes in the climate system due to human activities immediately
raise the question of their future impacts on society and environment. In order to
estimate the impact of future climate change at regional scales, spatially detailed climate
scenarios are required which can be obtained by applying Regional Climate Models
(RCMs). However, future climate projections are subject to considerable uncertainties
which have to be taken into account by analyzing an appropriate ensemble of climate
simulations.
This thesis investigates the most recent and comprehensive RCM scenarios from the
European EU-FP6 project ENSEMBLES with respect to expected regional climate change
and associated uncertainties for Europe with special focus on the Alpine region.
One part of the thesis analyzes the RCM ensemble with regard to potential biases
introduced by the sampling strategy of driving General Circulation Models (GCMs) in
ENSEMBLES. Statistical reconstruction methods are used in order to fill the missing
realizations of the original ensemble and to further extend it by the much larger ensemble
of possible driving GCMs of CMIP3. The results reveal that the ensemble is not
significantly biased with respect to mean and variability, confirming the robustness of
the ENSEMBLES projections.
The other part of the thesis exemplarily investigates the expected impact of future
climate change and particularly focuses on the associated uncertainties concerning future
dry and wet spells over Europe and future water resources in a glacierized catchment
in the Swiss Alps. In both studies, a representative subset of RCM simulations is
carefully selected in order to properly sample the uncertainty range spanned by the
entire ENSEMBLES multi-model ensemble. Empirical-statistical downscaling and errorcorrection via Quantile Mapping is applied in order to improve the quality of the RCMs
for their subsequent application in climate change impact studies.
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Zusammenfassung
ie durch menschliche Aktivitäten verursachten Veränderungen im Klimasystem werfen unmittelbar die Frage auf, inwiefern sich diese in Zukunft auf Umwelt und
Gesellschaft auswirken werden. Um die zukünftigen Auswirkungen des Klimawandels auf
regionaler Ebene abschätzen zu können, werden räumlich hochaufgelöste Klimaszenarien
benötigt, die mit Hilfe von regionalen Klimamodellen (RCMs) erzeugt werden können. Die Abschätzung der mit den Klimaszenarien verbundenen Unsicherheiten spielt
dabei eine wesentliche Rolle und stützt sich üblicherweise auf ein geeignetes Ensemble
unterschiedlicher Klimasimulationen.
Die vorliegende Dissertation analysiert die derzeit aktuellen und umfassendsten RCM
Szenarien vom europäischen EU-FP6 Projekt ENSEMBLES hinsichtlich der erwarteten
Veränderungen und den damit verbundenen Unsicherheiten auf regionaler Ebene für
Europa und im Speziellen für den Alpenraum.
Ein Teil der Arbeit untersucht das RCM Ensemble hinsichtlich statistischer Verzerrungen aufgrund der limitierten Auswahl von Antriebsdaten durch globale Klimamodelle
(GCMs). Dabei werden statistische Rekonstruktionsmethoden verwendet, um das bestehende RCM Ensemble mit allen zur Verfügung stehenden GCM Antriebsdaten vom
CMIP3 Projekt zu erweitern. Die Ergebnisse zeigen, dass keine statistisch signifikanten
Verzerrungen im Mittelwert und in der Variabilität des Ensembles aufgrund der ausgewählten GCM Antriebsdaten vorhanden sind und bestätigen somit die Robustheit der
ENSEMBLES Klimaszenarien.
Der andere Teil der Dissertation beschäftigt sich mit den erwarteten Auswirkungen des
zukünftigen Klimawandels, wobei ein besonderes Augenmerk auf die damit verbundenen
Unsicherheiten gelegt wird. Die Auswirkungen der zukünftigen Klimaveränderung werden
dabei exemplarisch anhand der Veränderungen von Trocken- und Feuchtperioden in Europa sowie am Beispiel der Veränderungen von Wasserressourcen in einem vergletscherten
Einzugsgebiet in den Schweizer Alpen demonstriert. In beiden Studien werden einige
repräsentative Klimaszenarien ausgewählt, um den gesamten Unsicherheitsbereich der ENSEMBLES Szenarien bestmöglich abzudecken. Zur Verbesserung der Qualität der RCMs
als meteorologische Eingangsdaten für die Impaktmodelle kommt „Quantile Mapping“
als statistische Nachbearbeitungsmethode zum Einsatz.
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Introduction
n the recent decades, pronounced changes in the climate system mainly due to human
activities such as combustion of fossil fuels and land use change could be clearly
confirmed. For example, global mean air temperature has increased by about 0.7 ◦C
during the 20th century with an even stronger increase in the recent decades (IPCC
2007b). However, the observed changes show highly pronounced regional differences with
an even stronger increase of about 1.2 ◦C during the last century in the Alpine region
(Auer et al. 2007). Along with the observed changes in air temperature, also significant
changes in the intensity and frequency of precipitation events could be detected in many
regions and there are severe indications of an increase in extreme weather events (e.g.,
Rahmstorf and Coumou 2011).
The observed changes immediately raise the question of how they will evolve in future
and to what extent they will have impacts on the environment and society. In order to
provide answers to these questions, the application of General Circulation Models (GCMs)
driven by prescribed Greenhouse Gas (GHG) emission scenarios is nowadays the most
common way to obtain physically based climate projections. As GCMs currently fail to
properly represent many important regional and local climate processes, Regional Climate
Models (RCMs) are subsequently applied in order to improve the regional details of the
climate projections. Regional as well as global future climate projections are subject to
considerable uncertainties which stem from natural climate variability, unknown future
GHG emissions, and imperfect simulation of the climate system. In order to quantify
these uncertainties, an appropriate ensemble of climate projections is required.
The aim of this thesis is to investigate the most recent and comprehensive RCM
projections from the European EU-FP6 integrated project ENSEMBLES (van der Linden
and Mitchell 2009, http://www.ensembles-eu.org/) with respect to expected regional
climate change and the associated uncertainties for Europe with special focus on the
Alpine region.
One part of the thesis (Paper A) focuses on the experimental design of the ENSEMBLES
Multi-Model Ensemble (MME) concerning sampling biases which are introduced due
the restricted selection of only a few driving GCMs. In particular, the majority of the
RCM simulations in ENSEMBLES was driven by only two GCMs out of eight which
potentially introduces a GCM sampling bias even in simple ensemble estimates such as
mean and variability. In this respect, different statistical data reconstruction methods
are investigated in order to fill the missing Climate Change Signals (CCSs) of the original
ENSEMBLES simulation matrix and to further extend it by the full set of possible
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driving GCM simulations of The Third Phase of the Coupled Model Intercomparison
Project (CMIP3), forced by the A1B emission scenario.
The other part of the thesis exemplarily investigates the expected impacts of future
climate change and particularly focuses on the associated uncertainties. As state-of-theart RCMs feature rather large errors concerning their ability to simulate present-day
climate characteristics, the direct use of RCM output for the subsequent application in
climate change impact models is problematic. Therefore, further empirical-statistical
downscaling and error-correction via Quantile Mapping (QM) is applied to the modeled
atmospheric input parameters in order to improve their quality as driving data. In this
respect, the skill of QM is investigated and the impact of QM on the CCS in application
to future climate scenarios is analyzed (Paper B). Projected climate change impacts are
demonstrated by the example of future dry and wet spells over Europe (Paper C) and
future water resources in a glacierized catchment in the Swiss Alps (Paper D). In both
studies, a representative subset of RCM simulations is carefully selected according to
the CCSs of the required atmospheric input parameters in order to properly sample the
uncertainty range spanned by the entire ENSEMBLES MME.
The thesis is structured into two parts. Part I is a synopsis and gives an introduction
to the topic: A general overview of the climate system is provided in Chapter 1. Chapter 2
focuses on the hierarchy of climate models. In Chapter 3, dynamical and empiricalstatistical downscaling techniques are presented. Finally, Chapter 4 covers uncertainties
in future climate projections. In Part II, the relevant peer-reviewed publications are
presented in thematic order. In the last section of the thesis, the key findings of the
publications are summarized and some concluding remarks are made.
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Part I

Synopsis

3

1 The Climate System
1.1 Weather and Climate
Weather and climate are both highly important factors in shaping the environment and,
therefore, have a large impact on our everyday life. For example, weather extremes such
as floods and droughts are dangerous natural hazards and have the potential to cause
huge socio-economic impacts and even are able to put human life at risk. Furthermore,
ongoing climate change carries the danger to intensify such extreme events which can be
partly already observed (e.g., Coumou and Rahmstorf 2012) and is also projected for the
future by state-of-the-art climate models (e.g., Beniston et al. 2007; Sillmann et al. 2013).
The main difference between weather and climate is related to the time-scale of their
consideration. In this respect, weather can be described by the short-term variability
of atmospheric state variables such as air temperature, wind speed, humidity, and air
pressure at a certain place induced by fast emerging and decaying weather systems (in
the order of few hours to weeks). Climate, as defined by IPCC (2001), is: “Climate
in a narrow sense is usually defined as the average weather, or more rigorously, as the
statistical description in terms of the mean and variability of relevant quantities over
a period of time ranging from months to thousands or millions of years. The classical
period is 30 years, as defined by the World Meteorological Organization (WMO). These
quantities are most often surface variables such as temperature, precipitation, and wind.
Climate in a wider sense is the state, including a statistical description, of the climate
system.”
The length of the study period for the statistical description of the climate system
refers to the (natural) climate variability which occurs on different time scales of seasons,
years, decades, or even longer and strongly depends on the imposed research question.
For example, a 30-year period is nowadays typically selected in order to study the climate
of the recent decades as it at least roughly covers decadal variability which considerably
affects the present-day climate conditions of a specific region. However, if the focus is
on climate processes which are related to much longer time scales, such as the sequence
of ice ages and warm periods, the length of the study period has to be appropriately
adapted. The integrated definition of climate, which is stated by analyzing the entire
state of the climate system instead of only regarding atmospheric quantities, reflects the
complexity of the system: the state of the atmosphere itself is the result of numerous
interacting processes including all relevant components of the climate system which are
the focus of the next section.
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Figure 1.1: Schematic overview of the climate system, showing the main components of the
associated processes. Moreover, possible changes in the individual components and interactions
between them are indicated. Figure obtained from http://www.ipcc.ch on 5th May, 2013.

1.2 Components of the Climate System
The global climate system is a complex system including five major components which
are related to each other through various interactions (see Figure 1.1): the atmosphere,
hydrosphere, cryosphere, land surface, and biosphere. The most important external
forcing of the climate system is the incoming solar radiation which is its dominant
energetic driver. In order to obtain a stable climate, the long-term global average of
incoming and outgoing energy at the top of the atmosphere (TOA) must be in balance
(see Figure 1.2). As each single component of the climate system is able to receive,
convert, and redistribute energy, this energy balance is the result of a complex interplay
of all involved components.
The atmosphere is the gaseous envelope surrounding Earth and the main composition
of dry air is Nitrogen (N2 ) with 78.1 % volume mixing ratio, Oxygen (O2 ) with 20.9 %,
and Argon (Ar) with 0.9 %. These gases only have a minor effect on the global radiation
budget as they neither significantly affect the incoming solar radiation nor the outgoing
long wave radiation. In contrast, Greenhouse Gases (GHGs) such as Carbon Dioxide
(CO2 ), Methane (CH4 ) or Ozone (O3 ) with a mixing ratio in dry air less than 0.1 % play
an important role in determining the global energy budget as they absorb and re-emit
the long wave infrared radiation which is emitted from Earth’s surface (see Figure 1.2).
Furthermore, the atmosphere contains Water Vapor (H2 O) which is the strongest and
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1.2 Components of the Climate System

Figure 1.2: Schematic overview of the global and annual mean energy budget. As it is indicated,
increasing GHG concentrations result in enhanced absorption of thermal infrared radiation
from which one part is radiated back to Earth’s surface which consequently increases surface
air temperature. Figure obtained from http://www.ipcc.ch on 5th May, 2013.

most variable (natural) GHG in the atmosphere with a typical mixing ratio of 1 %. In
order to compensate the radiation imbalance due to enhanced back radiation of the
GHGs, surface air temperature increases due to Stefan-Boltzmann’s radiation law. This
mechanism raises the global and annual mean air temperature from −19 ◦C to 14 ◦C
and is referred to as natural greenhouse effect (i.e., it is effective without any human
activities). Furthermore, the atmosphere plays a key role in the climate system as it has
the smallest response time scales in the order of days to weeks in the troposphere and up
to months in the stratosphere (e.g., Stouffer 2004). The global atmospheric circulation
emerges from the unequally distributed amount of incoming solar radiation over Earth’s
surface (more energy is received at the equator due to steeper angles of insolation) and
largely contributes to a spatially balanced energy budget by transporting heat from the
equator to the poles (see Figure 1.3).
The hydrosphere comprises all elements which are in the liquid phase of water (e.g.,
oceans, rivers, lakes, and ground water). Oceans are the most important part of the
hydrosphere as they cover about 70 % of Earth’s surface. The global ocean circulation is
much slower than that of the atmosphere due to the larger thermal inertia (4.2 times
that of the atmosphere) and density (1000 times that of air) of water. Consequently,
oceans have much larger response times than the atmosphere in the order of 100 years to
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1000 years and a much larger amount of energy is stored. They significantly contribute
to a spatially balanced energy distribution by transporting heat from the equator to the
poles but the overall effect is less than that of the atmosphere (Trenberth and Caron
2001). Furthermore, the oceans provide a huge reservoir for dissolved CO2 and nowadays
represent the largest CO2 sink on Earth, absorbing more than 25 % of anthropogenic
released CO2 (Khatiwala et al. 2009). Moreover, the oceans act as a regulator of the
climate system as they are able to dampen strong temperature fluctuations due to their
large thermal inertia.
The cryosphere contains all elements which are in the solid phase of water such as
the big ice sheets of Greenland and Antarctica, glaciers, permafrost soils, and snow
cover. The time scale for changes in mass and extent largely differ among the cryospheric
components. For example, snow cover and sea ice are subject to pronounced seasonal
variations while changes of the big ice sheets are related to processes on much longer time
scales such as the sequence of ice ages and warm periods. The cryosphere has a major
influence on the global radiation budget as a large fraction of the incoming solar radiation
is reflected due to the large albedo of snow and ice, triggering the global circulation in
combination with reduced solar radiation at high latitudes in order to balance the energy
deficit at the poles. Concerning the ocean circulation, sea ice plays an important role
in deep water formation and driving the thermohaline circulation. Furthermore, the
cryosphere has large potential for sea level changes as huge amounts of water are stored
in the ice sheets.
The land surface comprises the lithosphere and the pedosphere. The lithosphere covers
the continents and the ocean bed and changes such as continental drifts occur on very
long time scales in the order of millions of years. On shorter time scales, volcanic activities
are able to influence the atmospheric radiation budget by injecting particles and gases
in high altitudes, resulting in a temporary cooling of near surface air temperature. The
topography of the continents has a large impact on the global circulation due to its
great regional disparities. The roughness of the land surface dynamically influences the
atmosphere by transferring heat and momentum and dissipating kinetic energy by friction.
The pedosphere (soils) plays an important role in exchanging energy and water with
the atmosphere. One part of the surface net radiation is used to transfer heat from the
surface to the atmosphere by turbulent motion and dry convection (sensible heat), while
another part is used to evaporate water from the soils and both water and energy are
transferred to the atmosphere in form of latent heat. As evaporation requires energy, the
amount of available water in the soil largely determines surface temperature. Permafrost
soils are large natural reservoirs of CH4 and CO2 and the northern hemisphere currently
stores 1672 GtC which is twice the amount of carbon in the atmosphere.
The biosphere comprises all continental and oceanic biota and largely influences the
atmospheric composition. They play a central role in the global carbon cycle through the
process of photosynthesis (storage of CO2 ) and respiration (release of CO2 ). The budget
of further GHGs such as CH4 and N2 is strongly controlled by the biosphere, largely
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Figure 1.3: Left: Schematic overview of the global atmospheric circulation. As the figure indicates,
three big cells (Hadley cell, mid-latitude cell, and polar cell) emerge at each hemisphere,
transporting heat from the equator to the poles. Figure obtained from http://www.atomosyd.
net on 5th May, 2013. Right: Estimated meridional energy transport of the global atmospheric
and oceanic circulation (Trenberth and Caron 2001). Figure obtained from http://paoc2001.
mit.edu on 5th May, 2013.

determining the intensity of the natural greenhouse effect. Furthermore, the type of
vegetation partly determines the land surface and strongly interacts with the atmosphere
as it directly affects the exchange of energy through the albedo, momentum through the
surface roughness, and water through uptake, storage, and evapotranspiration.
Although the individual components of the climate system have very different structures
and properties, they are strongly interrelated by fluxes of heat, momentum, and mass as
already discussed and demonstrated in some examples above. The interaction processes
between the various components of the climate system (see black arrows between the
individual components in Figure 1.1) are observed on a variety of temporal and spatial
scales, inducing strong non-linearities including feedback-loops and resulting in a highly
complex system. Any changes in the external forcing, in the components itself, or in
the interaction between the different components may result in variations of the climate
system. The following sections focus on these variations which can be either caused by
natural fluctuations or due to human activities.
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Figure 1.4: Top: Schematic overview of the NAO. A positive NAO mode is related to intensified
westerlies causing mild and wet (cold and dry) conditions in northern Europe (Mediterranean).
During negative NAO modes the westerlies are weakened and the situation is more or less
vice versa. Figure obtained from http://www.vos.noaa.gov on 5th January, 2013. Bottom:
Long-term variability of the NAO index from 1864–2012. Here, the NAO index is defined as the
standardized barometric pressure difference between Lisbon and Reykjavik. Figure obtained
from http://www.vos.noaa.gov on 6th May, 2013.

1.3 Natural Climate Variability
The term “natural variability” refers to both natural deterministic and random fluctuations
in the climate system which occur on a wide range of spatial and temporal scales. Natural
climate variations are typically the result of either changes in the external forcing or
changes in the internal interactions between the individual system components (see
Figure 1.1). Therefore, the causes of natural climate variations are generally classified
into externally and internally induced climate variability and change (e.g., Baede et al.
2001; Ghil 2002).
Changes in the external forcing are often periodic (i.e. deterministic) and, therefore,
relatively easy to predict. Examples for periodic short term variations are the diurnal
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or seasonal cycle of insolation which are directly linked to Earth’s rotation around its
own axis and around the Sun, respectively. Consequently, large temperature variations
between day and night and between different seasons are observed. On much longer
time scales, changes in the orbital parameters (Milankovitch cycles) take place in the
order of 20 000 years to 100 000 years and significantly influence Earth’s climate, even
affecting the occurrence of glacial and interglacial periods (e.g., Hays et al. 1976). However,
changes in the external forcing can be also stochastic and, therefore, unpredictable as
e.g., atmospheric aerosol injection due to big volcanic eruptions.
Internal variations are the result of the many non-linearly interacting components
and non-linear processes of the climate system. Prominent examples of internal climate
variability are the quasi-oscillatory pattern of the El Niño-Southern Oscillation (ENSO)
resulting from a complex atmosphere-ocean interplay in the tropical Pacific and the
North Atlantic Oscillation (NAO) which strongly affects the European climate mainly in
winter (see Figure 1.4). Although the variability introduced by these phenomena is rather
on a large scale (e.g., the NAO index is defined as the standardized barometric pressure
difference between Azores and Iceland), they strongly influence climate variability at
regional scales. For instance, positive NAO indices are related to intensified westerlies
causing mild and wet (cold and dry) conditions in northern Europe (Mediterranean),
while during negative NAO phases the westerlies are weakened and the situation is more
or less vice versa.
The impact of internally or externally induced climate variability on the climate system
is further superimposed by non-linear feedback loops within the system. Feedbacks are
observed when the result of a process influences its origin by either intensifying (positive
feedback) or dampening (negative feedback) it. A prominent example for a positive
feedback within the climate system is the water vapor feedback (e.g., Held and Soden
2000; Kiehl and Ramanathan 2006). As warmer the atmosphere gets, as more water
vapor it can hold due to the Clausius-Clapeyron relation. Because H2 O is a highly
active GHG, air temperature is raised which in turn increases the water-holding capacity,
affecting again air temperature and so on. Further important examples of feedback
mechanisms within the climate system are e.g., the ice-albedo feedback, cloud feedback,
soil-atmosphere feedback, and carbon cycle feedbacks (e.g., Rial et al. 2004; IPCC 2007b).

1.4 Anthropogenic Climate Change
The physical principles of the greenhouse effect were originally discovered by Jean
Baptiste Jospeh Fourier which goes back to 1824. Already in 1896 Svante Arrhenius
stated the hypothesis that increasing atmospheric CO2 concentration due to anthropogenic
activities may increase surface air temperature. The first permanent measuring system
for atmospheric CO2 concentration was installed in 1958 by Charles David Keeling and
represents nowadays the longest continuous measurement series of CO2 which is also
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known as the Keeling curve. With his measurements, Keeling was the first who could
prove increasing atmospheric CO2 concentration which he further related to a human
influence mainly due to fossil-fuel combustion and land use change. The new scientific
insights drew the world’s attention to increasing atmospheric CO2 concentration which
initiated a long-lasting debate on the human influence on climate.
As the scientific evidence of human activities affecting Earth’s climate was getting
stronger, the Intergovernmental Panel on Climate Change (IPCC) was established in
1988 by the WMO and the United Nations Environment Programme (UNEP) as a crossnational institution aiming at supporting political decision makers with the “scientific,
technical and socio-economic information relevant to understanding the scientific basis of
risk of human-induced climate change, its potential impacts and options for adaptation
and mitigation” which was manifested in the principles governing IPCC work. The
related IPCC reports are published in regular intervals of about six years. The most
current version is the IPCC Fourth Assessment Report (AR4) which was published in 2007
and the upcoming IPCC Fifth Assessment Report (AR5) will be finalized in 2014. The
AR4 (IPCC 2007b) states that the understanding of anthropogenic warming and cooling
influences on climate has improved since the IPCC Third Assessment Report (TAR),
leading to very high confidence that the global average net effect of human activities since
1750 has been one of warming, with a radiative forcing of +1.6 W m−2 [+0.6 W m−2 to
+2.4 W m−2 ] (see Figure 1.6).
The anthropogenic greenhouse-effect Since the beginning of the industrial revolution in 1750, the global atmospheric concentrations of important GHGs such as CO2 ,
CH4 , and Nitrous Oxide (N2 O) have significantly increased due to human activities and
nowadays by far exceed pre-industrial values (see Figure 1.5), altering markedly the
energy balance of the climate system (see Figure 1.6).
The global atmospheric CO2 concentration has increased by 39 % from a pre-industrial
value of 278 parts per million (ppm) to 390.5 ppm in 2011 (Blasing 2012) mainly due
to the combustion of fossil fuels, the cement industry, and widespread deforestation.
Analysis of ice cores shows that the CO2 concentration was not above 300 ppm in the
last 800 000 years (e.g., Siegenthaler et al. 2005; Lüthi et al. 2008) and likely much more
longer up to 15 Myears to 20 Myears (Tripati et al. 2009). The average initial residence
time of CO2 in the atmosphere is 5 years before it is dissolved in the oceans. However,
as the oceans are constantly exchanging CO2 with the atmosphere, it can have very long
residence times in the carbon cycle of hundreds to even thousands of years before it is
stored permanently. Figure 1.6 indicates that CO2 has the largest contribution to the
anthropogenic caused global radiative forcing of (1.66 ± 0.17) W m−2 which is attributed
to high scientific understanding and consequently relatively low uncertainty.
The global atmospheric CH4 concentration has increased by 159 % from a pre-industrial
value of about 700 parts per billion (ppb) to 1810 ppb in 2010 (Blasing 2012). Ice core
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Figure 1.5: Global observed average concentrations of the major long-living GHGs from the
NOAA global air sampling network since the beginning of 1979. Figure obtained from the
http://www.esrl.noaa.gov on 6th May, 2013.

analysis shows that this is by far the highest value since the last 650 000 years where
the natural concentrations were ranging from 320 ppb to 790 ppb (Spahni 2005). The
causes of the drastic methane increase are mainly related to animal breeding and other
agricultural activities such as rice cultivation. The greenhouse warming potential of
CH4 is 25 times larger than that of CO2 with an average atmospheric residence time
of 12 years (and up to 33 times if the interaction with aerosols is taken into account
(Shindell et al. 2009)).
The global atmospheric N2 O concentration has increased by 20 % from a pre-industrial
value of about 270 ppb to 323 ppb in 2010 (Blasing 2012). Anthropogenic N2 O emissions
are mainly due to agricultural activities and contribute to about one third to the overall
N2 O emissions. Although the N2 O concentration is rather low, it significantly contributes
to the anthropogenic greenhouse effect as its greenhouse warming potential is 298 times
larger than that of CO2 which is mainly due to the fact that N2 O is radiatively active in
the atmospheric infrared window from 8 µm to 14 µm. Furthermore, it has a very long
atmospheric residence time of 114 years (IPCC 2007b).
The rate of increase of CO2 , CH4 , and N2 O since the industrial revolution is very
likely to be unsurpassed during the last 10 000 years (IPCC 2007b) and the combined
radiative forcing is (2.30 ± 0.23) W m−2 which is large compared to the estimated radiative
forcing due to changes in the solar activity since 1750 of +0.12 W m−2 [+0.06 W m−2 to
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Figure 1.6: Global average RF estimates and associated uncertainty ranges in 2005 for anthropogenic CO2 , CH4 , N2 O and other important factors. LOSU indicates the level of scientific
understanding in 2007 based on the AR4. Figure obtained from IPCC (http://www.ipcc.ch)
on 6th May, 2013.

+0.3 W m−2 ] (see Figure 1.6).
The effect of aerosols The effect of anthropogenic aerosols on the global energy budget
(fine particles in the atmosphere such as sulphate, organic carbon, black carbon, and
dust) is highly complex and mainly dependent on the size and properties of the particles,
their height in the atmosphere as well as their exposition to incoming global radiation
(i.e. latitude and time of the year). This is further complicated by their inhomogeneous
distribution over space and time as they are emitted locally in combination with relative
short residence times in the atmosphere (ranging from days to weeks in the lower
troposphere but up to years in the upper troposphere and lower stratosphere). For
example, soot particles in the troposphere tend to heat the atmosphere locally as they
directly absorb the incoming solar radiation. They are further able to emit long wave
infrared radiation, adding to the enhanced greenhouse effect due to the emission of
anthropogenic GHGs. Moreover, soot particles are able to reduce the surface albedo
of snow and ice due to their dark color which has a further warming effect. On the
other hand, aerosols are able to enhance the atmospheric albedo by scattering back
the incoming solar radiation, resulting in a cooling effect which is even able to locally
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offset the enhanced greenhouse effect. The interaction of aerosols with cloud formation is
currently not well understood and represents a large uncertainty source concerning the
overall effect of aerosols on the global energy balance (IPCC 2007b).
According to the AR4, the level of scientific understanding of the radiative effect
of aerosols has improved since the TAR but still remains low and, therefore, aerosols
represent the largest uncertainty source in the radiative forcing (see Figure 1.6). The
AR4 estimates a direct aerosol effect of (−0.5 ± 0.4) W m−2 and a cloud albedo effect of
−0.7 W m−2 [−1.8 W m−2 to −0.3 W m−2 ] (IPCC 2007b).
Land-use change Land-use change refers to the human induced change in the use or
management of land cover and soils including e.g., agricultural activities, deforestation,
reforestation, and urbanization. The near-surface climate is strongly influenced by the
properties of the land surface as it strongly determines the exchange of energy, water,
trace gases, and momentum. Therefore, land-use change has numerous climatic impacts
on a variety of spatial scales. For example, changes in the land cover significantly affect
local to regional scale climate characteristics due to important changes in e.g., surface
albedo, surface roughness, and in the exchange of H2 O and GHGs with the atmosphere.
In contrast, the release of CO2 due to large-scale deforestation has an impact on the
global scale as it is readily dispersed in the atmosphere.
The AR4 (IPCC 2007b) states that land-use changes can be locally significant although
they are of minor importance on the global scale compared to the enhanced greenhouse
effect. It is estimated that the effect of human induced changes in land cover has increased
the surface albedo with a radiative forcing of (−0.2 ± 0.2) W m−2 with medium to low
scientific understanding.
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1.5 Observed Climate Response
Along with the observed radiative forcing due to increased global anthropogenic GHG
concentrations, the evidence of pronounced changes in all components of the climate
system compared to the pre-industrial era has strongly increased during the last decades.
On the one hand, this is can be related to improvements of long-term existing insitu measurement systems such as a globally denser station network of atmospheric
near-surface measurements. On the other hand, suitable time series of relatively new
measurement techniques such as remote sensing of numerous important characteristics
of the climate system (e.g., vertical atmospheric temperature profiles, sea level, snow
cover, and sea ice) via satellites are available today. This enables researchers nowadays
to better explore the complex interplay between the different components of the climate
system in order to understand more comprehensively the relevant processes for climate
trends, variability, and change at various spatial and temporal scales.
Long-term measurements of air temperature and the associated increasing trends
provide a clear evidence of the human influence on the climate system. Increasing
global mean surface temperature has been observed between 1906 and 2005 (100-year
trend) with a magnitude of (+0.74 ± 0.18) ◦C (IPCC 2007b). The rate of warming in
the last 50 years with a magnitude of (+0.13 ± 0.03) ◦C per decade is almost twice as
large as that for the last 100 years (see Figure 1.7). Recent radiosonde and satellite
measurements reveal increasing air temperature trends in lower and mid tropospheric
regions which are in accordance with the near-surface warming (IPCC 2007b). Along with
the observed atmospheric temperature trends, consistent changes in other atmospheric
climate variables and components of the climate system are observed such as increasing
water vapor in the troposphere, pronounced changes in precipitation, intensification of
the large-scale atmospheric circulation, decreasing snow cover, thawing permafrost soils,
widespread mass loss of glaciers and ice sheets, declining sea ice content, increasing
temperature of the oceans, and sea level rise (IPCC 2007b).
The observed changes show highly pronounced regional and temporal variations. For
example, surface temperature over land regions shows a stronger trend than over oceans
(see Figure 1.7) which is likely to be related to greater evaporation and thermal inertia
in the ocean, and to changes in the atmospheric circulation concerning the NAO (IPCC
2007b). Consequently, the northern hemisphere shows more pronounced changes than
the southern hemisphere as it includes a larger fraction of land areas (e.g., Archer
and Pierrehumbert 2011). The greatest warming has been observed in the northern
hemispheric winter and spring, and over the Arctic (e.g., ACIA 2004; IPCC 2007a).
For precipitation, it is generally more difficult to detect robust trends as it is spatially
and temporally highly variable. However, changes towards drier conditions have been
observed e.g. in the Sahel, the Mediterranean, and in southern Africa and Asia while
wetter conditions have been observed over northern Europe, in northern and central
Asia, and in the eastern parts of North and South America (IPCC 2007a,b). Moreover,
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Figure 1.7: Top: Maps of linear trends of global surface (left) and troposphere (right) temperature
between 1979 and 2005. Grey areas indicate regions with insufficient data. Bottom: Annual
global mean surface temperature time series from 1850 to 2005 with linear trends for the
last 25 (yellow), 50 (orange), 100 (magenta), and 150 years (red). Figure obtained from
http://www.ipcc.ch on 6th May, 2013.

the observed changes in the mean state of the climate are accompanied by shifts in the
extremes such as increasing (decreasing) warm (cold) temperature extremes, increasing
heat waves and droughts, as well as increasing heavy precipitation events (IPCC 2007b).
The observed human-induced changes in the climate system today are expected to
intensify in future under ongoing emission of GHGs. They have a tremendous potential
to impact human life as they endanger the environment as well as social and economic
structures. It is therefore more than understandable that political decision makers are
nowadays highly concerned about possible impacts of future climate change in order to
map out adequate mitigation and adaptation strategies. From a scientific point of view,
the most common way to achieve insights into future climate change and related impacts
under the course of prescribed future GHG emission scenarios is the use of complex
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physical-based climate models which are the focus of the next chapter.
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Models
he high complexity of the climate system with all its non-linear interactions between
components, feedback loops, as well as pronounced spatial and temporal variability
(see Chapter 1) makes it difficult to intuitively understand the underlying mechanisms of
the system dynamics. In this respect, climate models considerably help to understand
important climate processes and further allow for their qualitative and quantitative
investigation. Furthermore, climate models serve as computational replacements for laboratories as it is impossible (and simply would be too dangerous) to perform experiments,
such as a doubling of atmospheric Carbon Dioxide (CO2 ) with unknown consequences,
on the real world’s climate system.
Climate models can be differentiated due to their complexity of processes which are
involved in describing the dynamics of the climate system (e.g., Trenberth 2010; Goosse
et al. 2013). At the one end of the spectrum are simple and conceptual models which
generally aim at improving the understanding of specific structures or processes within
the climate system. For this purpose, other important aspects of the climate system
are either represented in a very simplified manner or even neglected and, consequently,
these models only have limited capability to describe the climate system as a whole. At
the other end of the spectrum, highly complex climate models are designed in order to
represent the real climate system as realistic as possible, involving numerous detailed
descriptions of relevant climate processes and interactions between the different system
components (but even here certain simplifications cannot be avoided). Therefore, complex
climate models are nowadays the most sophisticated tools available in order to derive
future climate projections under prescribed future Greenhouse Gas (GHG) emission
scenarios. Moreover, the output of complex climate models is extensively used in the
field of application-orientated research such as the analysis of climate change impacts
and also forms the basis for the investigations in this thesis.

T

2.1 Conceptual Climate Models
The most simple physical-based climate models are energy balance models (EBMs)
(see Figure 2.1) which relate changes in the Earth’s energy budget to changes in the
system itself, using the conservation of energy as their main physical principle. In their
simplest realization, 0-dimensional EBMs are based on globally and annually averaged
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Figure 2.1: Schematic overview of different types of climate models, ranging from simple and
conceptual models to highly complex climate models which include a large number of interacting
components and a detailed description of relevant processes. The figure has been modified with
respect to its original from Goosse et al. (2013).

quantities, neglecting the effect of spatial and temporal variability of the energy balance
components. The main concept of 0-dimensional EBMs is that an imbalance between
absorbed shortwave solar radiation and emitted terrestrial longwave radiation causes
a net energy flux which in turn triggers a change in thermal energy and, therefore, a
temperature change:
dE
dT
= Cw ·
= Sin − Sout − Lout ,
(2.1)
dt
dt
where E is the thermal energy, T the surface temperature, Cw the heat capacity of the
oceans, S the shortwave radiation, and L the longwave radiation. In order to solve the
equation, the radiation fluxes have to be determined. The solar constant (SO ) can be used
to approximate the incoming shortwave solar energy Sin at the top of the atmosphere
(TOA). The albedo (α) controls the fraction of Sin which is reflected by the atmosphere
and surface and determines Sout :
Sout = α ·

Sin
.
4

(2.2)

The outgoing terrestrial longwave radiation can be approximated by Stefan-Boltzmann’s
radiation law:
Lout =  · σ · τ · T 4 ,
(2.3)
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where  is the emissivity of Earth’s surface, σ the Stefan-Boltzmann constant, and τ the
transmissivity of the atmosphere. Substituting the radiation fluxes in Equation 2.1, the
equilibrium surface temperature calculates as:
r
4 S0 · (1 − α)
Teq =
,
(2.4)
4··σ·τ
where the factor τ is needed in order to account for the GHG effect: one part of the
outgoing longwave radiation emitted by Earth’s surface is re-emitted back by GHGs.
Setting τ = 1 and the remaining factors to reasonable values under present-day conditions
which are estimated from measurements (α = 0.3 and  = 0.95) in Equation 2.4, the
equilibrium temperature yields Teq = 258 K which is about 30 K lower than the observed
global and annual mean near surface air temperature. Although this basic model is very
simple and neglects a large number of relevant climate processes, spatial and temporal
variability, and feedbacks within the climate system, it instructively demonstrates the
strengths of conceptual models by learning about specific properties of the climate system.
The 0-dimensional EBM reveals a central statement according to anthropogenic climate
change: changes in the atmospheric constitution and the related radiative properties
necessarily result in a change of surface temperature. The validity of this statement is also
confirmed by today’s most comprehensive and complex climate models (see Section 2.2).
Further extensions of the 0-dimensional EBM aim at resolving latitude or height as
additional dimension (1-dimensional EBMs). Here, the consideration of height aims at
resolving the vertical energy transport and structure of the atmosphere while modeling
the latitude-dependent solar energy input resolves the redistribution of energy from the
equator to the poles. 2-dimensional EBMs are the result of the combination of horizontal
and vertical 1-dimensional EBMs which are able to resolve the latitude-height-dependent
energy transport and, therefore, coarsely represent the global atmospheric circulation
(see Figure 1.3). However, a detailed description of energy exchange processes in the
atmosphere related to the air flow is lacking in EBMs and an important step in the
development of climate models was towards fully 3-dimensional resolved climate models
with an explicit formulation of the atmospheric dynamics.
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Figure 2.2: Schematic representation of a finite-difference GCM based on a Cartesian grid (Edwards 2011). Figure obtained from http://media.wiley.com on 6th May, 2013.

2.2 General Circulation Models
General Circulation Models (GCMs) (often also referred to as Global Climate Models) are
3-dimensionally resolved numerical representations of the global climate system, aiming
at capturing all its major components and related climate processes (see Section 1.2).
The history of GCMs (e.g., Edwards 2011) goes back to Vilhelm Bjerkness who stated the
primitive equations of motion and state in order to describe the atmospheric dynamics
in the early 20th century. Based on the development of Numerical Weather Prediction
(NWP) in the early 1950s which was strongly pushed by the previous work of Richardson
on the numerical discretization of the primitive equations, the first attempt for a GCM
simulation was conducted in 1955 by Norman Phillips at the Princeton Institute for
Advanced Study. Since then, a new scientific discipline was born which was focused at first
by three American research institutes under the support of several Japanese scientists
around 1960: the Geophysical Fluid Dynamics Laboratory (GFDL), the University of
California, Los Angeles (UCLA), and the National Center for Atmospheric Research
(NCAR). Since the establishment of GCMs as common tools in climate science, permanent
model improvements were achieved along with the fast increasing computer capacities
until today.
The first GCMs only included the atmosphere with prescribed sea surface temperatures
and, therefore, were denoted as Atmospheric General Circulation Models (AGCMs). In
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Figure 2.3: Growth of the complexity of GCMs since the 1960s. Along with the fast emerging
computer capacities, the complexity of GCMs was rapidly evolving by adding various important
processes to the models. Figure obtained from http://www2.ucar.edu on 6th May, 2013.

order to describe the dynamics of the atmosphere, a set of seven physically fundamental
equations is needed which form the so-called dynamical core of the models: Three
equations for the conservation of momentum (one for each velocity component), the
conservation of mass, the conservation of water vapor, the conservation of energy, and
the thermodynamic state equation. These equations are not independent of each other
and encompass seven unknowns (state variables) including the three velocity components,
air pressure, density, air temperature, and specific humidity.
Before solving the equations numerically, they are typically simplified wherever physically plausible. For example, the vertical motion is mostly simplified by assuming
hydrostatic equilibrium which is reasonable for the large-scale horizontal resolution of
GCMs which is in the order of a few hundred kilometers. As there is a missing link
between the state variables and the source and energy dissipation terms of the balance
equations, the equation system does not represent a closed form which complicates its
solution. For example, in order to calculate the heating rate, further important physical
processes have to be considered and are implemented in the so-called model physics part
of the models such as e.g., the radiative transfer in the atmosphere or phase transition
processes. Since these processes are often related to much smaller spatial scales than
the actual grid size of the GCMs, they cannot be resolved directly and, therefore, have
to be parameterized by empirical or semi-empirical approximations which are based on
the resolved variables of the model. Furthermore, important variables which are not
related to the time-dependent prognostic equations of the model (the so-called diagnostic
variables such as 2 m air temperature) have to be physically deduced from the prognostic
variables.
In order to solve the spatially and temporally discretized differential equations, numerical methods such as finite differences are required. However, finite differences are
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always related to grids and the convergence of rectangular longitude-latitude grid lines
towards the poles leads to numerical instabilities. To avoid these problems, many GCMs
use a spectral representation of the horizontal layers on a Gaussian grid. As other parts
of the models, such as the vertical component, are formulated on the grid-point space
(i.e., Cartesian grid), variables have to be transformed back and forth between spectral
and grid-point representation using various mathematical transformation techniques.
Relatively new experiments are made with icosahedral grids which do not suffer from pole
problems and have the further advantage that they can be used in a variable-resolution
model setup (e.g., Tomita and Satoh 2004).
It was early recognized that the ocean circulation has to be taken into account for
more realistic climate simulations and the first coupling attempts of Atmosphere-Ocean
General Circulation Models (AOGCMs) were undertaken by Syukuro Manabe and Kirk
Bryan in the 1960s (Edwards 2011). However, more sophisticated representations of the
oceanic circulation including the effect of sea ice was not achieved until the early 1990s
(see Figure 2.3). Along with the fast emerging computer capacities, the complexity of
GCMs has rapidly evolved by including various additional important components and
processes in the models (see Figure 2.3). Since the IPCC Third Assessment Report
(TAR) many progresses have been made such as higher resolution of the atmosphere
and ocean, improved parameterizations of sub-scale processes (e.g., cloud micro-physics,
convection, aerosols, river routing, oceanic diffusion and turbulence), the inclusion of
terrestrial carbon cycle dynamics, coupling advances between atmosphere and ocean
avoiding flux correction, better representation of aerosols and their chemical transport,
sea ice dynamics, and terrestrial cold land processes (IPCC 2007b).
The term Earth System Models (ESMs) has recently emerged mainly due to the
advanced coupling of GCMs with biosphere models in order to dynamically represent
CO2 sources and sinks. In a more broader sense, ESMs express the recent trend of
coupling an increasing number of individual model components to each other (which is
very likely to be continued in future), with the aim to represent Earth’s climate system
as realistic as possible.
One of the major applications of GCMs is the derivation of future climate projections
under prescribed future GHG emission scenarios. However, due to their large computational effort they are nowadays restricted to simulate not more than the next 100 years
to 200 years. In order to investigate climate variability and change on much longer
time scales of thousands of years, Earth System Models of Intermediate Complexity
(EMICs) are used as important knowledge tools (IPCC 2007b). EMICs often have the
same functionality as GCMs but they are typically used with a coarser resolution, a
reduced number of interacting components, and⁄or a more simplified representation of
important processes (see Figure 2.1).
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tarting in the early 1970s General Circulation Models (GCMs) have been applied in
climate research in order to investigate the effect of increasing atmospheric Carbon
Dioxide (CO2 ) concentrations (e.g., Manabe 1970; Manabe and Wetherald 1975) and
today they are the most important tools to explore the future development of Earth’s
climate. The output of GCMs is nowadays well investigated regarding their ability to
reproduce past climate characteristics (e.g., Reichler and Kim 2008) as well as expected
future climate change and the associated uncertainty range (e.g., IPCC 2007b). Today’s
GCMs operate on lattices in the order of 100 km to 300 km horizontal grid spacing.
Climate processes which are related to smaller spatial scales can’t be resolved directly
and, therefore, must be parameterized by empirical or semi-empirical formulations (see
Section 2.2). These simplifications prohibit the GCMs from being able to represent
the effects of regional climate forcings such as regional topography, land use, land-sea
contrasts, or regional soil characteristics (McGregor 1997).
For this reason, the usage of direct GCM output for the analysis of regional and local
impacts of global climate change is restricted. Particularly the climate impact research
community often aims at describing climate change impacts at highly resolved spatial
and temporal scales. Therefore, spatially and temporally highly resolved atmospheric
input parameters are typically required in order to drive impact models and it has been
shown that e.g., fine-scale hydrological models driven directly by GCM output perform
poorly (e.g., Prudhomme et al. 2002). To give an adequate assessment of the impact of
global climate change at regional to local scales, it is indispensable to bridge the scale-gap
between GCMs and a wide range of downstream climate change impact models. In the
recent decades considerable effort has been made in order to mitigate this scale mismatch
and various downscaling methods have been developed. Two widely applied conceptually
different regionalization tools are dynamical and statistical downscaling which are shortly
presented in the following sections.

S

3.1 Dynamical Downscaling
Dynamical downscaling derives fine-scale spatial and temporal climate information by
nesting a dynamical Regional Climate Model (RCM) with higher spatial resolution over
a limited area in the large-scale atmospheric field which is obtained by e.g., a GCM
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Figure 3.1: Schematic overview of dynamical downscaling. A dynamical RCM with higher spatial
resolution over a limited area is nested in the large-scale atmospheric field of a GCM in
order to derive fine-scale spatial and temporal climate information. Figure obtained from
http://cal-adapt.org/ on 6th May, 2013.

simulation (for further information see the review articles of Giorgi and Mearns (1991);
McGregor (1997); Giorgi and Mearns (1999); Wang et al. (2004); Rummukainen (2010)).
The basic assumption of dynamical downscaling is that the large-scale response of the
global circulation to an imposed forcing, such as increasing global atmospheric CO2
concentration, is adequately simulated by the GCM and that the sub-grid regional forcing
(e.g., topography) is dynamically introduced by the RCM.
RCMs are stand-alone dynamical climate models with the same functionality as GCMs,
but they are additionally constrained by Lateral Boundary Conditions (LBCs), which are
ingested from a GCM. Other than GCMs, RCMs only cover a limited area of the Earth’s
surface (e.g., Europe) and, therefore, can be operated with higher horizontal resolution
(with a typical grid spacing of about 10 km to 50 km) while using the same computational
resources (see Figure 3.1). Within the regional model domain, the RCM independently
calculates the state of the atmosphere at higher spatial and temporal resolution and
additional regional information is introduced by higher resolved regional climate forcings
such as topography, land-use, soil information, or land-sea contrasts. Furthermore, RCMs
have the advantage to resolve processes which have to be parameterized in GCMs due to
their higher spatial and temporal resolution (however, processes which cannot be resolved
directly by the finer grid still have to be parameterized). As a consequence, RCMs are able
to better represent regional climate processes compared to GCMs and the added value of
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RCMs in representing regional climate characteristics has been demonstrated in several
studies (e.g., Jones et al. 1995; Laprise 2003; Castro et al. 2005; Buonomo et al. 2007; Feser
et al. 2011). However, deviations between model results and climatological observations
(used as the best representation of the “true” state of the system) are inevitable due to the
high complexity of the climate system. The evaluation of the capability of climate models
to reproduce the actual state of the climate (i.e., quantification of these deviations) is an
important prerequisite for the assessment of future climate projections, since only models
with the ability to simulate past climate conditions within certain error characteristics
can be reasonably used for future climate simulations. More detailed information on
the skill of state-of-the-art RCMs can be found in e.g., Jacob et al. (2007) and van der
Linden and Mitchell (2009).
The main advantage of dynamical downscaling (compared to empirical-statistical
methods, see Section 3.2) is a physically consistent representation of the regional climate
system which allows to explore feedback processes and previously unobserved climate
states. Furthermore, two-way coupling with other (e.g., hydrological) models is possible
which further enhances the feasibility for investigating feedbacks at the regional scale.
The main disadvantage of dynamical downscaling is the need of large computational
resources which constrains the possibility to provide large ensembles of regional climate
projections which are required to explore uncertainties in regional climate projections.

3.2 Empirical-Statistical Downscaling
Empirical-Statistical Downscaling (ESD) uses empirical-statistical relations between the
large-scale atmospheric state, which can be obtained by e.g., a GCM simulation, and local
climate conditions. Thereby it is assumed that the local climate conditions are a function
of the large-scale atmospheric state and various statistical methods exist to derive the
so-called transfer functions which relate large-scale atmospheric variables from GCMs
(predictors) to local climate variables (predictands). This transfer function is typically
calibrated under past climate conditions and then transferred into the future by applying
it to future climate scenarios from GCMs. Statistical downscaling methods include
regression models, scaling approaches, weather typing schemes, canonical correlation
analysis, neural networks, and weather generators (for further details see, e.g., Zorita and
von Storch (1997); Wilby et al. (1998); Benestad et al. (2008); Maraun et al. (2010)).
Following Benestad et al. (2008), ESD methods are based on four underlying basic
assumptions: (1) The link between the large-scale predictand and the small-scale predictor
is strong and physically plausible, (2) the predictor should be simulated realistically by
the dynamical model as ESD relies on the predictors, (3) the derived predictor-predictand
relationship is stationary in time and remains valid under future climate conditions, and
(4) satisfying enough predictors should be used in order to properly estimate Climate
Change Signals (CCSs). In return, they are computationally cheap compared to dynamical
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Figure 3.2: Scheme of different downscaling approaches after Themeßl et al. (2011a). Traditional
ESD (right pathway) calibrates the statistical transfer function between large-scale observation/reanalysis data and local-scale observations. These empirical-statistical relationships can
be used to downscale any GCM. DECMs (left pathway) are calibrated on RCM (or GCM)
data and local observations, account for downscaling as well as model errors, but can only be
applied to the model they are calibrated for.

downscaling. Many studies have compared different statistical downscaling methods (e.g.,
Wilby et al. 1998; Huth 2002; Cavazos and Hewitson 2005; Khan et al. 2006; Maurer
and Hidalgo 2008; Themeßl et al. 2011a) and the relative performance of dynamical and
statistical methods (e.g., Murphy 1999; Díez et al. 2005; Haylock et al. 2006; Schmidli et al.
2007). The key findings of these studies are that there is no consistently superior statistical
model, that the performance for mean climate, monthly parameters, temperature, and
winter precipitation is better than the performance for parameters of extremes, daily
parameters and precipitation (particularly in summer), and that statistical methods
perform in many respects comparable to dynamical downscaling methods.
A relatively new approach is the subsequent application of dynamical and empiricalstatistical methods. For this purpose, Model Output Statistics (MOS) can be applied
(see Figure 3.2) which aims at deriving an empirical-statistical relation between simulated
predictors and observed predictands. In such a setup, RCM results are post-processed
using quite similar methods as applied in traditional statistical downscaling approaches,
but besides a purely spatial refinement to the location of the observations also model
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simulation errors are taken into account by relating the model output to observations.
The error characteristics of climate simulations based on this hybrid approach through
the subsequent application of dynamical and statistical methods are clearly improved
compared to the application of just one of the methods alone as the high resolution of
the physical-based RCM captures regional climate feedback processes and the empiricalstatistical post-processing step drastically reduces the systematic errors in the RCM.
However, some disadvantages of both methods have to be accepted as well: high computational costs as it is based on dynamically downscaled RCM data and the need for long
term observations to calibrate the statistical model.
In order to improve the error characteristics of RCM simulations for the subsequent
application in climate change impact studies (see Paper C and D), Quantile Mapping
(QM) was applied to a set of atmospheric input parameters on daily basis throughout this
thesis (e.g., Dobler and Ahrens 2008; Piani et al. 2010b). The error correction method
is selected according to Themeßl et al. (2011a), who showed the superior performance
of QM compared to six other error correction approaches for daily precipitation over
the Alpine region. A more technically detailed description of the implementation of QM
can be found in Themeßl et al. (2011a,b). In Themeßl et al. (2011b) (see Paper B), we
investigated the performance of QM in reducing systematic RCM errors, its ability to
generate “new extremes” (values outside of the calibration range), and its impact on
the CCS. Furthermore, the QM procedure was improved by introducing the frequency
adaptation in order to account for a methodological problem of QM which is related to a
wet bias after correction when the dry-day frequency simulated by the model is larger
than that of the observations.
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arts of the following sections are based on the uncertainty assessment report of the
Austrian Climate Research Program (ACRP) project reclip:century (Heinrich and
Gobiet 2011).
Regional Climate Model (RCM) simulations are subject to different sources of uncertainty stemming from the natural variability of the climate system, from future
Greenhouse Gas (GHG) emission scenarios, from model errors and simplifications in the
General Circulation Models (GCMs), and from the downscaling process with RCMs. The
quantification of uncertainties in future climate projections can be achieved by analyzing
an ensemble of climate simulations which adequately samples the various uncertainty
sources. The uncertainty assessments in this thesis are based on the most recent and comprehensive ensemble of RCM simulations for Europe from the EU-FP6 Integrated Project
ENSEMBLES (van der Linden and Mitchell 2009, http://www.ensembles-eu.org/) and
on the related ensemble of GCM simulations from The Third Phase of the Coupled Model
Intercomparison Project (CMIP3) (Meehl et al. 2007, https://esg.llnl.gov:8443/)
of the Program for Climate Model Diagnosis and Intercomparison (PCMDI).

P

4.1 Uncertainties in Climate Change Projections
Uncertainties in RCM projections can be roughly divided into four components: Uncertainty due to the natural variability of the climate system, uncertainty in external
forcing (mainly anthropogenic forcing due to the emission of GHGs and land use change),
uncertainty due to the imperfect simulation of the climate system (model uncertainty),
and downscaling uncertainty.
Uncertainty due to Natural Variability The term natural variability refers to
deterministic and random natural fluctuations in the climate system which occur on
various spatial and temporal scales (see Section 1.3). Since complex dynamical climate
models are simplified three dimensional mathematical representations of the climate
system, including its most important components (atmosphere, ocean, land surface, and
cryosphere) as well as interactions and feedbacks between them (see Section 2.2), internal
model variability can be regarded as a measure of uncertainty due to natural climate
variability.
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Figure 4.1: Fractional contribution of uncertainty components for air temperature (upper panel)
and precipitation amount (lower panel) until the mid of the 21st century (2021–2050 minus
1971–2000, left panel) and the end of the 21st century (2071–2100 minus 1971–2000, right
panel) based on the CMIP3 GCMs. Figure obtained from Prein et al. (2011).

Uncertainty due to internal model variability is estimated by starting and running
the dynamical climate model several times with different perturbed initial conditions
and the variability of the experiments is further used in order to quantify the internal
variability of the model. Due to the chaotic character of weather, the influence of the
initial conditions is most relevant on short time scales in the order of several days and the
correct initialization of numerical weather models has a major influence on the skill of the
associated predictions. However, these short-term random variations are less relevant for
the long-term climate time scales of several decades as many of these chaotic variations
average out on long averaging periods. Therefore, it can be expected that uncertainty due
to natural variability has a larger influence on shorter than on longer averaging periods.
However, unquantifiable uncertainties due to natural variability remain since it is not
possible to fully represent all sources of natural climate variations in the models (e.g.,
variations in solar radiation or aerosol input from volcanic eruptions are not included in
a climate model).
For temperature and precipitation projections over Europe until the mid and the end
of the 21st century based on 30-year averages (2021–2050 and 2071–2100 with respect to
1971–2000), the contribution of internal variability to the overall uncertainty of the CMIP3
GCM simulations ranges from 5 % to 25 %, depending on the season and meteorological
parameter (see Figure 4.1). However, these values strongly depend on the length of the
averaging period and are significantly higher for single decades (e.g., Hawkins and Sutton
2009, 2011).
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Figure 4.2: Changes in air temperature over Europe until 2100 with respect to 1971–2000 of
the CMIP3 GCMs under the A1B emission scenario. The thick black line represents the
multi-model mean. Figure obtained from Prein (2009).

Climate Model Uncertainty Uncertainties due to the formulation of climate models
arise from incomplete understanding of relevant climate processes and from their simplified
formulation in numerical climate models (Stainforth et al. 2007). For instance, they
include uncertainties related to numerical approximations of the physical equations (e.g.,
Pielke 2002), parameterizations of sub-grid-scale processes such as radiation, cloudiness,
convection, and snow, and incomplete knowledge of geophysical parameters describing
exchange processes between the soil-vegetation-atmosphere system (e.g., Hechtel et al.
2010; Brunsell et al. 2011).
In order to quantify these uncertainties, ensembles of different or modified climate
models are used. Uncertainty related to non-physical model parameters, which are used in
parameterization schemes in order to describe the bulk effect of sub-grid scale processes,
is typically explored by Perturbed Physics Ensembles (PPEs) which are realized by
simulations with only one model which is driven by a set of different parameter choices.
Uncertainties due to structural differences between models can be estimated by applying
different models with different structural design. For example, climate models can differ
in the number of climate processes which they describe, but even if they describe the
same processes, different parameterization schemes may be applied. Hence, an ensemble
of structurally different climate models, a so-called Multi-Model Ensemble (MME), can
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Figure 4.3: Changes in air temperature over Europe until 2100 with respect to 1971–2000 of the
CMIP3 GCMs under the B1, A1B, and A2 emission scenarios. Figure obtained from Prein
(2009).

be used in order to quantify structural uncertainties arising from different climate models
together with parameter uncertainty.
Figure 4.2 shows the temporal evolution of temperature over Europe until the end
of the 21st century of the 23 GCM simulations from the CMIP3 multi-model ensemble
driven by the A1B emission scenario with respect to the present-day climate. Although all
models uniformly indicate a warming, the spread of the projected temperature rise until
the end of the 21st century is substantial and ranges from 1.8 K to 4.4 K (Prein 2009).
Since the ensemble consists of different models started from different initial conditions,
this range implicitly includes natural variability along with model uncertainty. However,
model uncertainty is clearly dominant and largely contributes to the overall uncertainty
(see Figure 4.1).
Emission Scenario Uncertainty GHG emissions depend on many factors including
population, cultural and social interactions, environmental and economic structures,
and technological development. Since it is impossible to strictly predict the future
development of these factors, uncertainty remains concerning the future pathway of GHG
emissions. In the IPCC Fourth Assessment Report (AR4), different storylines of how the
world might develop in the course of the 21st century and the associated trajectories of
future GHG emissions are provided in the Special Report on Emission Scenarios (SRES)
(Nakicenovic et al. 2000).
Forcing a climate model with different emission scenarios enables the quantification
of the associated uncertainty. Figure 4.3 shows the uncertainty related to the choice of
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three different SRES GHG emission scenarios (B1, A1B, and A2). As expected, higher
GHG emissions result in considerable stronger warming over Europe especially until
the end of the 21st century. However, the difference is relatively small until the mid
of the 21st century which can be partly related to the thermal inertia of the climate
system and the long atmospheric lifetime of Carbon Dioxide (CO2 ) (Murphy et al. 2004).
Therefore, the relative contribution of emission scenario uncertainty to overall uncertainty
century is very small until the mid of the 21st century for both air temperature and
precipitation amount. However, until the end of the 21st century, this fraction increases
for air temperature but remains rather small for precipitation (see Figure 4.1).
Downscaling uncertainty GCMs operate nowadays on lattices of about 100 km to
300 km horizontal grid spacing. Processes related to smaller spatial scales cannot be
resolved directly and therefore have to be parameterized. Such simplifications limit
the ability of GCMs to simulate effects of regional climate forcings such as regional
topography, land use, land-sea contrasts, or regional soil characteristics. Therefore,
GCM output is not representative for climate conditions at specific locations and for the
analysis of regional to local climate change impacts additional downscaling is required
(see Chapter 3).
Downscaling techniques carry their own methodological uncertainties. Same as for
GCMs, uncertainties in the formulation of RCMs arise from their structural differences
which are mainly due to different parameterization schemes, nesting, and nudging
techniques. Déqué et al. (2007, 2011) compared the share of uncertainty in the Climate
Change Signal (CCS) between RCMs and driving GCMs over Europe and found that
RCMs usually contribute a significant but smaller part (except for precipitation in
summer, where RCMs contribute slightly over 50 %). Heinrich and Gobiet (2011) and
Heinrich et al. (2013a) investigated the share of uncertainty for four Alpine regions based
on CCSs until the mid and the end of the 21st century. The variance decomposition
revealed that the choice of the GCM has the largest effect on the total variation for air
temperature (see Figure 4.5 and Section 4.3 for further details). For precipitation, the
choice of the RCM is more important than for air temperature and particularly in spring
and summer the RCM contribution exaggerates that of the GCMs (see Figure 4.6 and
Section 4.3 for further details).
A comprehensive analysis of downscaling uncertainty including also Empirical-Statistical
Downscaling (ESD) techniques (e.g., Benestad et al. 2008) is currently not available.
Uncertainty in Downstream Climate Change Impact Models The estimation of
parameter and structural uncertainties can be extended to climate change impact models
which are typically applied downstream as they require atmospheric input from climate
models. For example, in Heinrich and Gobiet (2012) (see Paper C) a subset of errorcorrected RCM simulations is carefully selected in order to properly sample the uncertainty
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range of the atmospheric input parameters spanned by the entire ENSEMBLES ensemble.
These projections are further applied in order to estimate the impact of climate change
on drought over Europe by calculating a set of conceptually different drought indices.
Therefore, structural uncertainties in both RCMs (including uncertainty due to the driving
GCMs) and drought indices are regarded. The same procedure is applied in Finger et al.
(2012) (see Paper D) in order to estimate the impact of climate change on future water
resources in a glacierized catchment in the Swiss Alps and the subsequent effects on
hydropower production. However, the focus of this study is on one spatially distributed
hydrological model and the associated uncertainty due to different parameter choices and
glacier extents is regarded, allowing for an estimation of the relative importance of the
various uncertainty sources of the model chain.

4.2 Applied Climate Model Ensembles and Related Issues
The ENSEMBLES Database The ENSEMBLES database comprises a set of 22
high resolution RCM simulations until the mid of the 21st century (2050), 15 of them
ranging until the end of the century (2100). The projections are based on the SRES A1B
emission scenario and have horizontal resolution of about 25 km. The ensemble consists of
17 RCMs and the Lateral Boundary Conditions (LBCs) were provided by eight different
GCMs, but due to limited computational resources, only a small fraction (16.2 %) of
all possible GCM-RCM combinations could be realized. The simulation matrix mainly
addresses uncertainty in boundary conditions (choice of the driving GCM) and RCM
model formulation (Christensen et al. 2010).
Since the choice of the GHG emission scenario is less important until the mid of the
21st century (Hawkins and Sutton 2009, 2011; Prein et al. 2011), only the A1B emission
scenario was used to force the climate simulations. Uncertainty due to natural variability
is only implicitly regarded by using different driving GCMs. Therefore, three of the
four major uncertainty components are at least roughly covered by the ensemble. A
rough estimate to which extent the overall uncertainty is underestimated by only using
one emission scenario in ENSEMBLES can be obtained from Prein et al. (2011), who
showed that emission scenario uncertainty over Europe is small in the first half of the
21st century but becomes considerable towards the end of the century (30 % to 40 % of
the total uncertainty of temperature, see Figure 4.1).
Since RCMs are constrained by GCMs at their lateral boundaries, the issue of model
independence (see next paragraph) is even more obvious and crucial for an RCM ensemble
than for a GCM ensemble. This arises from the fact that two different RCMs driven by
the same GCM are obviously not independent through the same LBCs. The GCM-RCM
simulation matrix shown in Figure 4.4 reveals that the majority of RCMs have been forced
by the two GCMs ECHAM5-r3 and HadCM3Q0 (10 out of 22 simulations). Therefore,
those two GCMs are overweighted compared to the other GCMs and even simple ensemble
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Figure 4.4: The ENSEMBLES simulation matrix of the 25 km runs until 2050. The orange
colored cells marked with X’s indicate the available simulations and empty cells represent the
missing GCM-RCM combinations. The models spanning the RCM and GCM uncertainty of
ENSEMBLES are highlighted in blue and green, respectively. Additional uncertainty due to
the CMIP3 GCMs is displayed in red and GCMs which are driven by different perturbed initial
conditions are marked with an asterisk.

estimates such as mean and variability are potentially biased towards the CCSs of these
two GCMs. In this respect, we investigated different data reconstruction methods in
order to fill the missing CCSs of the original ENSEMBLES simulation matrix and to
further extend the original ENSEMBLES RCM simulation matrix with the full set of the
CMIP3 GCM simulations forced by the A1B emission scenario in order to assess and
compensate for potential GCM sampling biases in ensemble mean and variability (see
Paper A, Heinrich et al. 2013b).
Model Weighting and Model Independence In order to estimate the uncertainty
of climate projections, suitable climate simulations have to be combined and analyzed
with regard to their variability within the ensemble. However, the combination of different
simulations is not straightforward. One of the unresolved issues in this context is whether
climate models should be weighted according to their performance in present-day climate
conditions, aiming at constraining the uncertainty range of future climate projections.
Recent studies showed that there exists no single climate model which performs best across
all climate variables (e.g., Lambert and Boer 2001) and there is no general consensus
about suitable performance metrics as the choice of the metric is often subjective and
pragmatic (Tebaldi and Knutti 2007). In IPCC (2010), it is recommended to apply metrics
which are likely to be important in determining future climate change (e.g., metrics
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evaluating the simulation of key climate feedback processes).
However, such performance metrics yet have to be defined. Until now, only a few
studies indicate the potential of performance metrics to constrain the uncertainty of
future climate projections in specific applications (e.g., Hall and Qu 2006; Boé et al. 2009).
However, in most studies only a weak statistical relation between model performance
and projected climate change has been found (e.g., Murphy et al. 2004; Knutti et al.
2006; Sanderson et al. 2008; Knutti et al. 2010) and it could not yet be sufficiently
demonstrated that weighted model ensembles have advantages over unweighted ensembles
(Déqué and Somot 2010). For this reason, and for the subjectivity involved in the selection
of performance metrics, no performance weighting was applied in the course this thesis.
A relatively new and alternative approach consists of removing model errors of an
ensemble via Empirical-Statistical Downscaling and Error Correction Methods (DECMs)
in order to analyze the systematic effect of model errors on expected climate change
and its uncertainty of an MME. In this respect it could be already shown that the
expected temperature change is overestimated in the central Mediterranean by up to one
degree (Boberg and Christensen 2012) and that there is some potential to constrain the
uncertainty of MMEs by such an approach (Gobiet et al. 2013b).
Another recently discussed topic is the interdependence between different climate
models in an MME which could result in underestimation of variability and, therefore,
provoke overconfident conclusions on the reliability of future climate projections. In
addition, duplicate information would give too much weight to dependent simulations
and, therefore, lead to a biased estimation of the expected change. There is reason
to believe that different climate models are not independent of each other since model
construction and setup have similarities in some state-of-the-art climate models (Pirtle
et al. 2010). For example, Pennell and Reichler (2011) investigated the CMIP3 ensemble
and found that the amount of new information diminishes in proportion as more models
are included in the ensemble. Other studies suggest that the effective sample size of
the CMIP3 ensemble is dramatically smaller than the real number of simulations (e.g.,
Jun et al. 2008; Knutti et al. 2010). As already discussed in the paragraph above, the
issue of model interdependence is even more evident in an RCM ensemble as RCMs are
constrained by the LBCs provided by the driving GCMs.

4.3 ANOVA: A Tool for Uncertainty Partitioning
Ensembles of future climate projections are subject to different uncertainty sources (see
Section 4.1). The investigation of their relative contribution to the total uncertainty of
the ensemble is an important issue as thereby the relative importance of single uncertainty
components can be determined. As climate simulations and the subsequent application of
climate change impact models are typically of high computational cost, this information
can be further used in order to design computationally efficient sampling strategies by
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focusing on the most important uncertainty sources.
Although various methods exist in order to decompose the total uncertainty of an
ensemble into its different components, the Analysis of Variance (ANOVA) requires fewer
assumptions than other existing methods and further provides a simple and coherent
framework for partitioning uncertainty (Yip et al. 2011). The ANOVA was applied in
various studies in order to quantify the relative importance of uncertainty sources in
climate model ensembles (e.g., Déqué et al. 2007, 2011; Heinrich and Gobiet 2011; Prein
et al. 2011; Yip et al. 2011; Heinrich et al. 2013a). Here I demonstrate the statistical
framework for a two-way-ANOVA in order the decompose the total spread (variance) of
the ENSEMBLES MME into contributions of RCMs and GCMs as applied in Heinrich
and Gobiet (2011) and Heinrich et al. (2013a).
Table 4.1 shows a schematic overview of a two-way-ANOVA. The entire sample consists
of N data points and the two-way-ANOVA investigates the influence of two nominally
scaled realizations of factor A (e.g., RCMs) and factor B (e.g., GCMs) on the metrically
scaled dependent variable Y (e.g., air temperature or precipitation CCSs). Factor A
consists of j = 1, . . . , p realizations (A1 , . . . , Ap ) and factor B of k = 1, . . . , q realizations
(B1 , . . . , Bq ). The data can therefore be splitted into p groups for factor A (the rows in
Table 4.1), q groups for factor B (the columns in Table 4.1), and p · q groups for the
factor combinations (the cells in Table 4.1). Each factor combination consists of njk data
points (replicates) and the realizations of Y (observations) are labeled with three indices
yijk for the ith replicate in the j th and k th group of factor A and B.
Here I present the ANOVA for an orthogonal experiment design which is characterized
by equal sample size of replicates in all groups (i.e., njk = n). The following equations
for the sample sizes are valid for an orthogonal design:
nj• = q · n,
n•k = p · n,

(4.1)

N = n · p · q = nj• · p = n•k · q,
where the dot indicates that all realizations of the associated factor are considered.
The two-way-ANOVA assumes normally distributed replicates in each of the p · q
2 . Therefore, the model for the
factor combinations (cells) with mean µjk and variance σjk
two-way-ANOVA can be written as:
2
yijk ∼ N (µjk , σjk
),

yijk = µjk + ijk ,

(4.2)

where ijk are the residuals of the model which are assumed to be independent and
identically distributed random variables following a normal distribution N (0, σ2 ) with
constant variance of the residuals.
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Table 4.1: Schematic overview of a two-way-ANOVA.

Factor A (RCMs)
A1
..
.
Aj
..
.
Ap

B1
n11
..
.
nj1
..
.
np1

Factor B (GCMs)
Bk
n1k
..
.
njk
..
.
npk

...
...
...
...

...
...
...
...

Bq
n1q
..
.
njq
..
.
npq

The population mean of the j th and k th group of factor A and B, respectively (µj•
and µ•k ), and the overall mean (µ•• ) can be written as:
q

µj•

1X
=
µjk ,
q
k=1

µ•k =
µ••

p
1X

p

µjk ,

(4.3)

j=1

p
q
1 XX
µjk .
=
p·q
j=1 k=1

The influence of the j th (k th ) group of factor A (B) on the dependent variable Y is
expressed by the so-called main effect αj (βk ):
αj = µj• − µ•• ,
βj = µ•k − µ•• .

(4.4)

The two-way-ANOVA now aims at investigating the influence of factor A and⁄or factor
B on the dependent variable Y . Therefore, the following null hypotheses are stated,
expressing that the averages µj• (µ•k ) are equal for all p (q) groups of factor A (B) if
there is no influence:
H0 (Factor A) : α1 = · · · = αj = · · · = αp = 0,
H0 (Factor B) : β1 = · · · = βk = · · · = βq = 0.

(4.5)

The mean according to the j th and k th group of factor A and B, respectively, can be
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written as:
µjk = µ•• + (µj• − µ•• ) + (µ•k − µ•• ) + (µjk − µj• − µ•k + µ•• ),
µjk = µ•• + αj + βk + (µjk − µj• − µ•k + µ•• ),

(4.6)

µjk = µ•• + αj + βk + (µjk − µ•• ) − (αj + βk ),
µjk = µ•• + αj + βk + (αβ)jk ,

where (αβ)jk denotes the so-called interaction effect which accounts for the effect of the
combination of single factors on the dependent variable, while the effect of single factors
is expressed by the main effects (see Equation 4.4).
The statistical significance of the interaction effect is tested analogously to the main
effects (Equation 4.5) via the following null hypothesis:
H0 (Interaction A × B) : (αβ11 ) = · · · = (αβjk ) = · · · = (αβpq ) = 0.

(4.7)

Substituting µjk in Equation 4.2 by the expression derived in Equation 4.6, the model
for the two-way-ANOVA can now be written as:
yijk = µ•• + αj + βk + (αβ)jk + ijk ,

(4.8)

or by expressing the deviation of the single observed value yijk from the overall mean
µ•• :
yijk − µ•• = αj + βk + (αβ)jk + ijk ,

(4.9)

or in expanded form using the expressions for the main-effects (Equation 4.4) and the
interaction-effect (Equation 4.6):
yijk − µ•• = µj• − µ•• + µ•k − µ•• + µjk − µj• − µ•k + µ•• +
| {z } |
| {z }
| {z }
{z
}

ijk
|{z}

deviation to

explained

explained

explained

unexplained

be explained

deviation

deviation

deviation

deviation

by Aj

by Bk

Aj × Bk

,

(4.10)

with:
ijk = yijk − µjk .

(4.11)

In order to obtain the total influence of factor A and⁄or factor B on the dependent
variable, the deviance Q (sum of squared deviations over all indices) is calculated and
the population averages (µ) are replaced by the estimators for the sample averages (ȳ).
Here, the mixed terms of the squared deviations of Equation 4.10 disappear as the sum
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over the deviations from their respective mean reduce to zero:
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(4.12)

(yijk − ȳjk ) .
2

j= k=1 i=1

{z

}
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|
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QR

}

In order to obtain the separation of variance, Equation 4.12 is simply divided by
N = n · p · q:
2
2
2
2
σT2 = σA
+ σB
+ σA×B
+ σR
.
(4.13)
Furthermore, it can be shown that the degrees of freedom (dF) are analogously separated:
dFT = dFA + dFB + dFA×B + dFR ,
(4.14)
with

dFT = n · p · q − 1,
dFA = p − 1,
dFB = q − 1,

(4.15)

dFA×B = (p − 1) · (q − 1),
dFR = n · p · q − p · q.
The formulas in Equation 4.15 show that the degrees of freedom are zero for the
residual term (dFR ) in case of only one replicate per cell. In other words, if there is only
one replicate per cell, the model fits as much as parameters as data are available and
no further inference about the model is possible (which would be the same as fitting a
straight line through only two data points). In this case, the interaction term is typically
neglected in order to release degrees of freedom (i.e., the explained variance of the
2
2 in Equation 4.13).
interaction term σA×B
simply equals the non-explained variance σR
In can be further shown that in case of true null hypotheses (no influence) for the main
effects (Equation 4.5) and interaction effect (Equation 4.7), the following test statistics
follow a F-distribution with degrees of freedom of Equation 4.15:
QA n · p · q − (p + q + 1)
·
,
QR
p−1
QB n · p · q − (p + q + 1)
FB =
·
,
QR
q−1
QA×B n · p · q − p · q)
FA×B =
·
.
QR
(p − 1) · (q − 1)
FA =
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Figure 4.5: ANOVA for the ENSEMBLES air temperature changes until the mid (2021–2050
minus 1961–1990, left panel) and the end (2069–2098 minus 1961–1990, right panel) of the 21st
century for the GAR. Figure obtained from Heinrich et al. (2013a).

Statistical significance of the main effects and the interaction effect at a certain level
of significance (α) is obtained if the null hypothesis according to the F-distribution of
Equation 4.16 has to be rejected.
The equations for a higher order ANOVA (e.g., three-way-ANOVA) can be derived
following the above presented procedure for the two-way-ANOVA. However, especially
for higher order ANOVAs it is more convenient to set the ANOVA in the framework
of general linear models which allows for a simpler estimation of the overall deviance
and its single components (the calculation of the sums in Equation 4.12 can be rather
computational expensive for higher order ANOVAs) as they can be expressed by the
fit parameters of the linear model using an appropriate design matrix. Furthermore,
it has the advantage that it can be also used for non-orthogonal experiment designs.
For a comprehensive explanation on the relation between general linear models and the
ANOVA see the statistical textbooks of e.g., Myers (2000) and Vik (2013).
As an illustrative example of the two-way-ANOVA, Figure 4.5 and Figure 4.6 show
the shared contribution of the two factors RCM and GCM to the overall variance of the
ENSEMBLES projections for air temperature and precipitation amount in the Greater
Alpine Region (GAR) until the mid and the end of the 21st century from Heinrich
et al. (2013a). In order to obtain a balanced (orthogonal) design of the ENSEMBLES
simulation matrix, the missing CCSs were reconstructed following Déqué et al. (2007).
As can be seen, variability introduced by the choice of different GCMs clearly dominates
for air temperature for both time horizons. However, variability due to the choice of
RCMs increases until the end of the 21st century mainly in Spring (MAM) and Summer
(JJA) with a contribution up to 20 %. In contrast, variability introduced by the choice
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Figure 4.6: ANOVA for the ENSEMBLES precipitation changes until the mid (2021–2050 minus
1961–1990, left panel) and the end (2069–2098 minus 1961–1990, right panel) of the 21st century
for the GAR. Figure obtained from Heinrich et al. (2013a).

of different RCMs is significantly larger for precipitation amount and even dominates
in MAM and JJA until the mid of the 21st century. This can be partly related to
the small-scale characteristics of precipitation and the related physical processes (e.g.,
convection in JJA) which have to be parameterized as they cannot be resolved directly
by the horizontal resolution of the RCMs.
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Publications Overview

he main scientific outcome of this thesis comprises two first-author and two co-author
peer-reviewed research papers which are shortly outlined here, explicitly indicating
the authors’ contribution to the publications.

T

Paper A G. Heinrich, A. Gobiet, T. Mendlik (2013b). “Extended regional climate model
projections for Europe until the mid-21st century: combining ENSEMBLES and
CMIP3”. In: Climate Dynamics. DOI: 10.1007/s00382-013-1840-7
This study aims at sharpening the existing knowledge of expected climate change
and its uncertainty over Europe for the two key climate variables air temperature
and precipitation amount until the mid-21st century. For this purpose, the potential
GCM sampling bias in ensemble mean and variability due to the design of the
ENSEMBLES ensemble is assessed and compensated for by combining it statistically
with the full set of CMIP3 GCM ensemble.
Contribution: I was the main author of this study, did the analysis and wrote the
paper. The co-authors of this study, A. Gobiet and T. Mendlik, gave valuable input
to the design of the study and the statistical analysis. Furthermore, both of them
revised the structure and text of the manuscript.
Paper B M. J. Themeßl, A. Gobiet, G. Heinrich (2011b). “Empirical-statistical downscaling and error correction of regional climate models and its impact on the climate
change signal”. In: Climatic Change 112.2, pp. 449–468. ISSN: 0165-0009, 1573-1480.
DOI: 10.1007/s10584-011-0224-4
This paper investigates the performance of Quantile Mapping (QM) in reducing
systematic RCM errors, its ability to generate “new extremes”, and its impact on the
CCS with respect to daily mean, minimum, maximum temperature, precipitation
amount, and derived indices of extremes.
Contribution: The principal investigator of this study was M. J. Themeßl, former
member of the Regional and Local Climate Modeling and Analysis Research Group
(ReloClim) at the Wegener Center for Climate and Global Change, University of
Graz, Austria, and now employed at Service Centre of the Climate Change Centre
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Austria (CCCA-SC). My main contribution in this paper was the co-development of
the frequency adaptation in order to improve the procedure of QM. Furthermore, I
provided support for the statistical analysis, graphical representation, and revision
of the structure and text of the manuscript.
Paper C G. Heinrich and A. Gobiet (2012). “The future of dry and wet spells in Europe:
a comprehensive study based on the ENSEMBLES regional climate models”. In:
International Journal of Climatology 32.13, pp. 1951–1970. ISSN: 08998418. DOI:
10.1002/joc.2421
The focus of this work is on the investiagtion of projected changes in dry and
wet spells and their characteristics over Europe until the mid of the 21st century.
Various commonly used drought indices—the Standardized Precipitation Index
(SPI), the Self Calibrated Palmer Z-Index (SCZI) and Self Calibrated Palmer
Drought Severity Index (SCPDSI)—are calculated in order to cover structural
uncertainties related to the drought measures. Uncertainties of the future climate
projections are regarded by carefully selecting a set of eight error-corrected RCM
simulations in order to properly represent the full uncertainty range spanned by
the ENSEMBLES ensemble.
Contribution: I was the main author of this study, did the analysis and wrote the
paper. The co-author of this study, A. Gobiet, gave valuable input to the design of
the study and the statistical analysis of the ensemble. Furthermore, he revised the
structure and text of the manuscript.
Paper D D. Finger, G. Heinrich, A. Gobiet, A. Bauder (2012). “Projections of future
water resources and their uncertainty in a glacierized catchment in the Swiss Alps
and the subsequent effects on hydropower production during the 21st century”. In:
Water Resources Research 48.2. ISSN: 1944-7973. DOI: 10.1029/2011WR010733
This study investigates the impact of projected future climate change on water
resources and subsequently hydropower production in downstream hydropower
plants in a glacierized Alpine valley in Switzerland. A set of seven error-corrected
RCM simulations from the ENSEMBLES database is carefully selected in order
to properly represent the full uncertainty range of the ENSEMBLES projections
and a special focus of this work is on the investigation of the major uncertainties
involved in the model chain.
Contribution: The principal investigator of this study was D. Finger, formerly
employed at the Institute of Environmental Engineering, ETH Zurich, Switzerland
and now working at Institute of Geography and Oeschger Centre for Climate
Change Research, University of Bern, Bern, Switzerland. My contributions in
this work encompass the preparation of the downscaled and error-corrected RCM
scenarios, guidance in the statistical analysis of the ensemble, and structuring and
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writing parts of the manuscript. The collaboration with D. Finger emerged from
the EU-FP7 project ACQWA (http://acqwa.ch).

49

PAPER

A

Extended Regional Climate Model Projections for Europe Until
the Mid-21st Century: Combining ENSEMBLES and CMIP3

Abstract: This study aims at sharpening the existing knowledge of expected seasonal
mean climate change and its uncertainty over Europe for the two key climate variables
air temperature and precipitation amount until the mid-21st century.
For this purpose, we assess and compensate the General Circulation Model (GCM)
sampling bias of the ENSEMBLES Regional Climate Model (RCM) projections by
combining them with the full set of the CMIP3 GCM ensemble. We first apply a crossvalidation in order to assess the skill of different statistical data reconstruction methods in
reproducing ensemble mean and standard deviation. We then select the most appropriate
reconstruction method in order to fill the missing values of the ENSEMBLES simulation
matrix and further extend the matrix by all available CMIP3 GCM simulations forced
by the A1B emission scenario.
Cross-validation identifies a randomized scaling approach as superior in reconstructing
the ensemble spread. Errors in ensemble mean and standard deviation are mostly
less than ±0.1 K and ±1 % for air temperature and precipitation amount, respectively.
Reconstruction of the missing values reveals that expected seasonal mean climate change
of the ENSEMBLES RCM projections is not significantly biased and that the associated
uncertainty is not underestimated due to sampling of only a few driving GCMs. In contrast,
the spread of the extended simulation matrix is partly significantly lower, sharpening
our knowledge about future climate change over Europe by reducing uncertainty in some
regions. Furthermore, this study gives substantial weight to recent climate change impact
studies based on the ENSEMBLES projections, since it confirms the robustness of the
climate forcing of these studies concerning GCM sampling.
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1 Introduction
The application of General Circulation Models (GCMs) driven by prescribed Greenhouse
Gas (GHG) emission scenarios is nowadays the most common way to obtain physically
based climate projections. Due to their coarse spatial resolution (typically 100 km to
300 km horizontal grid spacing with an effective resolution of about 1000 km) GCMs
currently fail to properly represent many regional and local climate processes, such as,
e.g., orographic precipitation (McGregor 1997). In order to generate climate simulations
with finer horizontal resolution, Regional Climate Models (RCMs) are nested within
the GCM large scale atmospheric circulation over a limited area (Giorgi and Mearns
1991, 1999; Wang et al. 2004; Rummukainen 2010) and the added value of RCMs in
representing regional climate characteristics has been demonstrated in several studies
(Jones et al. 1995; Laprise 2003; Castro et al. 2005; Buonomo et al. 2007; Feser et al.
2011).
Regional as well as global climate projections are subject to considerable uncertainties
which can be roughly divided into three components: (1) Uncertainty due to natural
variability, (2) uncertainty due to unknown future GHG emissions, and (3) uncertainty
due to imperfect simulation of the climate system (Collins 2007). In order to analyse these
uncertainties in RCM projections, large-scale European projects such as PRUDENCE
(Christensen and Christensen 2007, http://prudence.dmi.dk/) and ENSEMBLES
(van der Linden and Mitchell 2009, http://ensembles-eu.metoffice.com/) produced
coordinated Multi-Model Ensembles (MMEs), improving rapidly the knowledge about
uncertainties in regional climate projections in the last decade. Furthermore, these
simulations provided the basis for most investigations of regional climate change impacts
over Europe in recent years.
Due to limited computational capacities, only a limited number of RCM simulations can
be realized and it is a question of the experimental design which uncertainty components
are primarily tackled within the ensemble. Therefore, missing realizations within RCM
ensembles are a common problem and even simple ensemble estimates such as mean and
variability are potentially biased due to unequal sampling of the uncertainty components.
In order to avoid such biases, Déqué et al. (2007) introduced an iterative data reconstruction method which assumes additivity between uncertainty components in order to
estimate the missing Climate Change Signals (CCSs). This reconstruction method was
further applied in several studies in order to obtain a balanced design for the analysis of
variance components (Déqué et al. 2007, 2011; Heinrich and Gobiet 2011; Prein et al.
2011). However, as the method relies on an implicit formulation of the uncertainty components, it cannot be used to extend the ensemble to experiments outside of the original
experimental design (e.g., for GCMs that have not been used as driver for any RCM in
the ensemble). For such an extension, scaling techniques are widely applied (Mitchell
et al. 1999; Mitchell 2003; Rummukainen et al. 2003; Harris et al. 2006; Hingray et al.
2007; Ruosteenoja et al. 2007). They have been originally used to derive regional climate
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projections of time horizons or emission scenarios which have not been GCM simulated,
by scaling the global mean temperature change of simple energy balance models with
the geographical pattern of the GCM simulations (pattern-scaling). In our case, we aim
at predicting the RCM response from the driving GCM response, by applying a scaling
relationship according to the regional CCSs. In this respect, it has already been shown
that scaling has skill at the GCM grid point scale (Kendon et al. 2010).
The aim of our study is to assess and compensate for the potential GCM sampling
bias in expected regional mean climate change and the associated uncertainty of the
ENSEMBLES RCM projections by data reconstruction and combination with the much
larger GCM ensemble of The Third Phase of the Coupled Model Intercomparison Project
(CMIP3) (Meehl et al. 2007). For this purpose, we first assess the skill of different
statistical additive and scaling reconstruction methods in reproducing ensemble mean
and standard deviation. We then apply the most appropriate reconstruction method
to the sparsely filled ENSEMBLES simulation matrix and further extend the matrix
to all available GCM simulations of the CMIP3 ensemble forced by the A1B emission
scenario (Nakicenovic et al. 2000). As final result, we present an update of expected
regional climate change for air temperature and precipitation amount in eight European
subregions until the mid-21st century and reassess its uncertainty under the light of the
extended ensemble.
The paper is structured as follows. Section 2 introduces the data and study regions.
In Section 3 we describe the reconstruction methods. In Section 4 we explain the setup
of the cross-validation and the statistical analysis. In Section 5 we present the crossvalidation results. Section 6 provides a revision of expected regional climate change and
its uncertainty over Europe, followed by Section 7 which sums up the key findings of this
study.

2 Climate Model Data and Study Region
We use the RCM data from the ENSEMBLES project which produced a set of 21 high
resolution RCM simulations with a horizontal grid spacing of about 25 km (Table 1). The
ensemble consists of 8 GCMs and 16 RCMs, but due to limited computational resources,
only a small fraction (16.4 %) of the possible GCM-RCM combinations could be realized.
Subsampling mainly addressed uncertainty in boundary conditions (choice of the driving
GCM) and RCM model formulation (Christensen et al. 2010). Since the choice of the
GHG emission scenario is less important until the mid-21st century (Hawkins and Sutton
2009, 2011; Prein et al. 2011), only the A1B emission scenario was used to force the
climate simulations. As suggested by Christensen et al. (2010), we consider the three
sensitivity experiments of HadCM3-HadRM3 as different model combinations, as their
climate response is highly variable (Collins et al. 2006).
Many of the RCM simulations (10 out of 21) were driven by only two GCMs, namely
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Table 1: The ENSEMBLES simulation matrix of the 25 km runs until 2050. The orange colored cells marked with X’s indicate the available simulations and empty cells represent the
missing GCM-RCM combinations. The models spanning the RCM and GCM uncertainty of
ENSEMBLES are highlighted in blue and green, respectively. Additional uncertainty due to
the CMIP3 GCMs is displayed in red and GCMs which are driven by different perturbed initial
conditions are marked with an asterisk. The GCMs and RCMs of ENSEMBLES are used for
calibrating the statistical reconstruction methods which are then applied to the GCMs of both
ENSEMBLES and CMIP3 in order to reconstruct the associated missing RCM responses.

ECHAM5 and HadCM3Q0. All GCMs, except CGCM3.1 and IPSL-CM4, drive at
least two RCMs. Three RCMs were forced by multiple GCMs, namely DMI-HIRHAM,
METNO-HIRHAM, and SMHI-RCA. The driving GCM data of ENSEMBLES was either
obtained by the database of ENSEMBLES (http://ensemblesrt3.dmi.dk/) or CMIP3
(https://esg.llnl.gov:8443/). As we aim at extending the uncertainty analysis to
unknown GCMs, we also take into account all additional available GCM simulations of
CMIP3 forced by the A1B emission scenario. Altogether, we have 53 GCM simulations
for air temperature and 50 for precipitation amount from a set of 27 GCMs (precipitation
from 3 out of 5 simulations of the GISS-ER model are missing in the CMIP3 database).
From this ensemble, 10 GCMs were started with different perturbed initial conditions
and, therefore, cover uncertainty due to natural variability (see Figure 1).
In order to be comparable to previous studies conducted within PRUDENCE and
ENSEMBLES, we focus on the land grid points of eight European subregions according to
Christensen and Christensen (2007): Iberian Peninsula (IP), Mediterranean (MD), France
(FR), Middle Europe (ME), Alpine Region (AL), Eastern Europe (EA), British Isles
(BI), and Scandinavia (SC). In addition, we also provide information concerning entire
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Europe (EU). The selected subregions cover the diversity of main climate characteristics
in Europe, ranging from arid climate conditions during Summer (JJA) in the southern
European regions IP and MD to humid maritime climate characteristics in BI and SC
(Heinrich and Gobiet 2012). The focus is on seasonal mean CCSs, calculated as the
difference between the two periods of 2021–2050 for the future period and 1961–1990
for the baseline period (except for the GKSS-CLM model which starts in 1963). The
precipitation CCSs are calculated relatively with respect to the baseline period.

3 Data Reconstruction Methods
As we aim at deriving RCM responses based on their associated driving GCMs, we
first highlight the effect of RCMs on the CCSs of their driving GCMs. Figure 1 shows
the mean difference in the seasonal mean CCSs between RCMs and associated driving
GCMs of the 21 available ENSEMBLES projections for air temperature and precipitation
amount, respectively. The climate model data have been resampled to a common grid of
3.75° longitude and 2.5° latitude which is most common to the ENSEMBLES GCMs. A
more detailed description of the resampling technique can be found in Suklitsch et al.
(2008).
Concerning air temperature, the RCMs feature smaller CCSs than their driving GCMs
for most of Europe with highly pronounced differences in Spring (MAM) and JJA,
particularly in Eastern and Southern Europe. On subregional scale, EA shows the largest
difference with −0.7 K in JJA (see Table 4 in the Appendix). For precipitation, the RCMs
tend to feature larger CCSs (moister conditions) for large parts of Europe, particularly in
JJA with the most pronounced differences of +6.5 % in FR, +5.4 % in EA, and +5.1 %
in ME.

3.1 Additive Method
First, we consider the additive reconstruction method introduced by Déqué et al. (2007)
(D07). The reconstruction method is embedded in the framework of an Analysis of
Variance (ANOVA), neglecting the highest interaction term in order to reconstruct the
actual missing value. The reconstruction algorithm writes in case of the ENSEMBLES
simulation matrix as follows:
∆Xij = ∆Xi• + ∆X•j + ∆X•• = ∆X•• + (∆Xi• + ∆X•• ) + (∆X•j − ∆X•• )

(1)

where ∆X denotes the CCS of an RCM for a specific subregion, i is the index of the RCM
(i = 1, . . . , 17), and j the index of the driving GCM (j = 1, . . . , 8). The dot operator
denotes averaging across the corresponding indices. The reconstruction algorithm can
be understood intuitively: consider RCM1 driven by a set of GCMs and RCM2 driven
by the same GCMs except one. This missing value is then reconstructed by adding the
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Figure 1: The mean difference in the seasonal CCSs between RCM and associated driving GCMs
of ENSEMBLES for air temperature (panel a) and precipitation amount (panel b). The CCSs
are calculated between the two periods of 2021–2050 and 1961–1990. In each panel, top-left is
Winter (DJF), top-right is Spring (MAM), bottom-left is Summer (JJA), and bottom-right is
Autumn (SON).
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mean difference between RCM2 and RCM1 to RCM1. Since the reconstruction of the
missing values depends on the grand mean of the entire simulation matrix, 30 iterations
are performed (Déqué et al. 2007).

3.2 Scaling Methods
The main disadvantage of the D07 method is that it cannot be used for an extension to
unknown GCMs, as there is no explicit formulation between the CCSs of RCMs and their
associated driving GCMs. For such an extension, scaling techniques are widely applied
and in this study we assess the capability of different scaling methods in reconstructing
the RCM projections. Scaling can be generally formulated as:
∆Xij = ∆Yj · k̃ + d˜ + ij

(2)

where k̃ and d˜ are the linear regression coefficients of a least-square-fit to the data.
In order to account for the downscaling effect which is specific for a particular RCM,
we introduce the additive term ij . In this study, three different formulations of the
RCM specific downscaling effect ij are investigated: (1) there exists no RCM specific
downscaling effect with ij = 0 (SCA1), (2) the RCM specific downscaling effect is
the mean RCM specific residual of the least-square-fit (SCA2), (3) the RCM specific
downscaling effect is randomly sampled from a normal distribution with zero mean and
standard deviation estimated from the regression residuals of all RCMs (SCA3).
In literature, the regression line is typically forced to cross the abscissa at zero (intercept
in Eq. 2) which is argued to be reasonable if global mean temperature change is used as
predictor for the regional climate response (e.g., Hingray et al. 2007; Ruosteenoja et al.
2007). However, the relevance of this assumption has not been assessed so far for a scaling
relationship at the GCM scale and, therefore, we also consider a scaling relationship
without intercept (SCA0). SCA0 can be regarded as degenerated linear regression with
zero intercept, while scaling (Eq. 2) is a full linear regression with varying intercept and
slope. We also note that RCM specific random sampling is not feasible as the majority of
RCMs is only driven by a single GCM (see Table 1). In addition, the insufficient sample
size at the RCM specific level does not allow for applying a hierarchical linear model
(e.g., Gelman and Hill 2006) in order to estimate RCM specific regression lines.
Furthermore, we note that the random sampling approach SCA3 is embedded in the
framework of Multiple Imputation (MI) (Little and Rubin 2002; Rubin 2004), which aims
at generating a set of multiple plausibly reconstructed data sets. Common statistical
analysis is then applied to each individual dataset, generating a set of parameter estimates
of interest. The final parameter estimate is then achieved by simply taking the average
of the individual realizations (Rubin 2004). As we are dealing with a large fraction of
missing values, we generate a set of 1000 reconstructed datasets throughout the study in
order to ensure convergence of random sampling.
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4 Design of the Cross-Validation and Statistical Analysis
4.1 Cross-Validation
In order to compare the skill of the different reconstruction methods, we follow a CrossValidation (CV) strategy. CV is often used to estimate the predictive skill of statistical
models in application and has the further advantage that it can be applied to small
sample sizes as it does not rely on asymptotic theory. In this study, we apply an LeaveOne-Out Cross-Validation (LOOCV) method by fitting the statistical model to a training
dataset which consists of leaving out a data point from the original sample. This data
point is then predicted by the statistical model and the procedure is repeated for each
single data point in the sample, generating a completely reconstructed dataset. As the
focus of our study is on the estimation of expected seasonal mean climate change and
its uncertainty, the LOOCV is used to assess the predictive skill of the reconstruction
methods in estimating ensemble mean and standard deviation by comparing their match
between original and reconstructed sample. Although an unbiased estimation of the
ensemble mean is an important prerequisite for the further analysis of this study, the
mean errors might compensate among the predictions and, therefore, the Root Mean
Square Deviations (RMSD) between original and reconstructed CCSs are also assessed.
CV of the methods which are based on RCM specific information (D07 and SCA2)
requires RCMs which are driven by more than one GCM. Unfortunately, only a subset of
eight simulations of three RCMs were forced by multiple GCMs in ENSEMBLES (see
Table 1) and the corresponding LOOCV results have to be regarded as a rather rough
estimate of the skill due to the small sample size. However, the LOOCV based on this
subset is the only way to compare the skill of all implemented reconstruction methods.
All other reconstruction methods allow for an LOOCV based on the full sample of 21
simulations.
Concerning the LOOCV, we follow two strategies. First, we compute a LOOCV which
is based on leaving out the CCS of a single RCM (LOOCV-RCM). As most of the GCMs
are used as driving data for at least two RCMs, the entire GCM information is available
for predicting the RCM change in most cases. Therefore, this strategy can be regarded as
measuring the performance of deriving the missing CCSs of the ENSEMBLES simulation
matrix (see Table 1). However, it might be argued that the influence of a single data
point decreases as the sample size increases. In order to take this into account and
as we also aim at extending the ENSEMBLES simulation matrix to unknown GCMs,
we additionally apply a more stringent cross-validation which is achieved by leaving
out the CCSs of a driving GCM and all associated RCMs as second LOOCV strategy
(LOOCV-GCM). Compared to the LOOCV-RCM, the sample size of the training datasets
for each of the LOOCV-GCM predictions is generally smaller. Furthermore, we note
that the LOOCV-GCM is asymmetric in the sense that the number of neglected RCM
simulations is GCM-dependent (up to almost 25 % of the data is neglected in case of
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ECHAM5 and HadCM3Q0) which consequently increases the independence among the
training samples since the entire information of the driving GCM is removed for each of
the RCM predictions.

4.2 Statistical Analysis
4.2.1 Statistical Significance
After reconstructing the missing values of the simulation matrix, we assess the statistical
significance of the differences in expected seasonal mean climate change and the associated
uncertainty between original and reconstructed ensemble. Statistical tests for differences
in the mean generally require equal variances (Behrens-Fisher problem). However, this
cannot be assumed here, as the reconstruction of the missing CCSs potentially changes
the spread of the ensemble. Therefore, we apply a t-test for unequal variances (Welch-test)
under the null hypothesis that the ensemble means of original and reconstructed ensemble
are equal. The application of the t-test requires independently and normally distributed
samples. As we are dealing with rather small sample sizes, it is difficult to assess the
normality of the data. However, the assumption of normality in our study is supported by
the central limit theorem since multiple averaged quantities are applied. The statistical
significance of the differences in the ensemble spread is assessed by applying the robust
Fligner-Killeen test (Conover et al. 1981) under the null hypothesis that the ensemble
variances of original and reconstructed ensemble are equal.
In order to eliminate possible dependencies among the RCM simulations due to their
driving GCMs, we average across the RCMs according to their driving GCMs. For
the same reason, we average across the different GCM runs of the CMIP3 database
after reconstructing the RCM changes. Therefore, the sample sizes of original and
reconstructed simulation matrices reduce to the number of GCMs indicated in Table 1 (8
for the ENSEMBLES simulation matrix and 27 for the extended matrix).
Significance levels lower than 3 %, 3 % to 5 %, 5 % to 10 %, and greater 10 % are termed
as strongly significant, significant, weakly significant, and insignificant, respectively.
4.2.2 Quantification of Uncertainty
The uncertainties of the projected changes are quantified by two measures. Firstly, we
calculate the ensemble standard deviation. As its calculation is based on rather small
sample sizes in this study, we apply a minor bias correction as proposed in Knutti et al.
(2010). Secondly, we calculate the percentage of models which coincide in the sign of change
as a non-parametric uncertainty measure. Applying the confidence terminology defined
by the Intergovernmental Panel on Climate Change (IPCC) (IPCC 2007b; Mastrandrea
et al. 2011), very high confidence, high confidence, and medium confidence is obtained if
at least 90 %, at least 80 %, and at least 50 % agree in the sign of the multi-model mean
change, respectively.
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Figure 2: Results of the LOOCV-RCM for air temperature based on the subset of RCMs which
are driven by multiple GCMs. Displayed are the differences between reconstructed and original
ensemble mean (panel a) and standard deviation (panel b), and the associated root mean
square deviations (panel c). The spread of the box-whisker plots shows variability among
subregions and displayed are the 10th , 25th , 50th , 75th , and 90th percentiles.

5 Results of the Cross-Validation
Figure 2 and Figure 3 depict the results of the LOOCV for air temperature and precipitation amount, respectively. The spread of the box-whisker plots displays variability
among subregions. For comparative purposes, we only show the results of LOOCV-RCM
based on the subset of RCM simulations driven by multiple GCMs which includes all
reconstruction methods. All additional LOOCV results based on LOOCV-GCM and the
full sample are provided in the Appendix, Figure 6 to Figure 11.
For air temperature, the largest differences between reconstructed and original ensemble
mean are obtained for D07 concerning all seasons. However, the bias is rather small,
showing mostly an underestimation of the ensemble mean. The largest bias of D07
is obtained in Winter (DJF) with −0.06 K in the median and ranging from −0.13 K
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Figure 3: Same as Figure 2 but for precipitation amount.

to −0.04 K. SCA0 shares this negative bias in DJF, but with a lower magnitude of
−0.01 K in the median. For all other methods, biases in both directions are obtained with
magnitudes less than 0.02 K in the median. The differences between SCA1 and SCA3
in the ensemble mean can be related to finite sampling of the residuals and converge to
zero as the number of random draws increases. For the ensemble standard deviation,
D07 generally shows an underestimation which is largest in DJF with −0.23 K in the
median. Although the scaling methods generally perform better in reconstructing the
ensemble standard deviation, underestimated variability is obtained as expected for the
scaling relationships without random sampling of the residuals. Only the randomized
scaling approach SCA3 is able to compensate for the underestimated standard deviation
as additional variability is introduced due to random sampling of the residuals. The
RMSD is generally lower for the scaling methods. The difference in the RMSD between
SCA1 and SCA3 can be explained by the fact that additional variability is introduced
due to random sampling of the residuals. More specifically, the difference in the squared
RMSD between SCA1 and SCA3 can be calculated analytically and is given by the mean
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variance of the residuals among the LOOCV samples. All reconstruction methods show
a seasonal dependency of the RMSD with the best and worst skill in DJF and Autumn
(SON), respectively. The differences between the various scaling methods are generally
small (especially for SCA0 and SCA1).
For precipitation amount, D07 tends to overestimate (underestimate) the ensemble
mean in DJF and JJA (MAM and SON). The biases are rather small with a peak
magnitude in SON with −0.3 % in the median. For the scaling methods, the ensemble
mean is underestimated in MAM and SON. SCA0 generally shows large biases in
combination with rather large ranges among the subregions. The largest bias of SCA0 is
found in SON with a median difference of −0.7 % and ranging from −3.0 % to +1.0 %.
For the ensemble standard deviation, D07 again tends to underestimate the ensemble
spread with the largest difference in the median of −1.8 % in SON. The scaling methods
partly show a pronounced underestimation of variability. The largest difference in the
median is obtained for SCA0 and SCA1 in JJA with a magnitude of −3.3 % and −2.0 %,
respectively. As already shown for air temperature, SCA3 again shows the overall best
performance in reproducing the ensemble spread as random sampling of the residuals
increases variability of the scaling relationship and consequently compensates for the
underestimated ensemble standard deviation. For the RMSD, the scaling reconstruction
methods consistently reveal the best skill in DJF while D07 shows the lowest RMSD
in SON. The differences in the RMSD between SCA0 and SCA1 are again small. The
worst skill for all reconstruction methods is obtained in JJA, peaking up to 8.3 % for
D07. Here, the rather large difference between SCA1 and SCA3 can be related to large
additional variability introduced by random sampling of the residuals and reasonably
indicates large variability of the summer precipitation CCSs among the different RCM
projections (e.g., Déqué et al. 2011).
The results of the second cross-validation strategy LOOCV-GCM, which is based on
leaving out the CCSs of a driving GCM and all associated RCMs, underpin the results
reported above. Extending the LOOCV to the entire sample, rather large negative
precipitation biases are obtained for SCA0 in all seasons. Concerning the ensemble
spread, SCA0 and SCA1 mostly underestimate variability and the superiority of SCA3
in reconstructing the ensemble spread is further confirmed (see Figure 6 to Figure 11 in
the Appendix).
Based on the results of the LOOCV, we choose SCA3 as preferred reconstruction
method, especially due to its overall best performance in reconstructing ensemble mean
and variability. Table 2 summarizes the results of the two LOOCV strategies for SCA3
based on the entire sample as further applied in the study. As expected, the results
of the more stringent LOOCV-GCM strategy indicate a worse performance than the
LOOCV-RCM strategy which can be related to the smaller size of the training samples
and the asymmetric character of LOOCV-GCM. However, both CV strategies reveal
differences in the ensemble mean and spread mostly clearly less than ±0.1 K and ±1 %
for air temperature and precipitation amount, respectively. As these values provide a
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EU

SC

BI

EA

AL

ME

FR

MD

IP

MEAN
SD
RMSD
R2
MEAN
SD
RMSD
R2
MEAN
SD
RMSD
R2
MEAN
SD
RMSD
R2
MEAN
SD
RMSD
R2
MEAN
SD
RMSD
R2
MEAN
SD
RMSD
R2
MEAN
SD
RMSD
R2
MEAN
SD
RMSD
R2

MAM
−0.3/−3.8
−0.4/1.3
0.3/0.3
0.9/0.9
−0.7/−9.2
−0.3/8.3
0.5/0.5
0.7/0.7
−0.1/−3.5
0.1/2.2
0.3/0.3
0.8/0.8
−0.9/−13.1
0.2/10.5
0.6/0.7
0.5/0.5
−0.7/−14.4
0.3/14.5
0.5/0.6
0.6/0.6
−0.8/−13.8
0.6/12.3
0.8/0.9
0.5/0.5
0.1/−1.4
0.1/0.6
0.3/0.3
0.8/0.8
0.8/1.9
0.1/11.8
0.8/0.8
0.7/0.6
−0.6/−7.1
−0.2/6.9
0.6/0.6
0.7/0.6

DJF
−0.1/0.2
0.1/−0.1
0.2/0.2
0.9/0.9
0.0/3.2
0.1/1.4
0.3/0.3
0.8/0.8
0.0/1.5
−0.3/−1.3
0.2/0.2
0.9/0.9
0.1/3.7
0.0/0.6
0.3/0.3
0.9/0.9
0.0/5.8
0.0/3.1
0.3/0.3
0.9/0.9
−0.5/3.7
0.4/3.3
0.4/0.4
0.8/0.8
0.1/2.0
0.0/−1.0
0.2/0.2
1.0/1.0
−0.5/0.2
−0.2/2.4
0.4/0.4
0.9/0.9
0.0/2.6
0.1/0.8
0.2/0.2
0.9/0.9
0.5/3.4
−0.5/−3.3
0.3/0.4
0.9/0.8
1.1/5.0
−0.2/1.0
0.5/0.5
0.8/0.7
0.4/2.9
−0.7/−3.6
0.5/0.5
0.8/0.8
0.4/1.2
−0.6/−2.9
0.4/0.4
0.8/0.7
0.7/3.2
−0.1/−4.2
0.5/0.5
0.8/0.7
−0.4/1.5
0.5/−1.1
0.6/0.6
0.7/0.7
0.4/0.9
−0.4/−2.0
0.3/0.3
0.9/0.9
−0.3/−3.8
0.3/1.6
0.4/0.4
0.8/0.8
−0.1/0.1
−0.2/−1.1
0.4/0.4
0.8/0.8

JJA

Air Temperature

0.2/2.9
0.1/−0.6
0.4/0.5
0.8/0.8
0.9/9.0
−1.2/−7.2
0.6/0.6
0.5/0.5
0.2/2.7
−0.7/0.0
0.5/0.5
0.7/0.7
0.0/3.3
−0.2/0.4
0.6/0.6
0.5/0.5
0.2/6.6
−1.2/−3.0
0.7/0.7
0.5/0.4
0.0/6.1
1.1/3.7
0.8/0.8
0.1/0.1
0.1/1.3
−0.2/2.2
0.3/0.3
0.8/0.8
−0.5/3.6
0.2/1.3
0.7/0.7
0.2/0.2
0.0/4.1
−0.2/1.6
0.6/0.7
0.3/0.3

SON
0.1/2.8
−0.1/−18.4
4.5/4.2
0.8/0.8
−8.8/−1.1
−6.9/−0.4
5.4/5.5
0.6/0.6
−0.5/0.4
−0.9/13.0
3.4/3.3
0.8/0.8
12.0/33.9
−5.3/1.5
4.1/4.3
0.8/0.8
19.6/48.3
−18.2/−22.4
7.6/8.0
0.3/0.3
9.9/78.8
−14.8/15.7
6.6/6.6
0.7/0.7
4.2/6.2
0.5/26.4
2.0/2.1
0.9/0.9
0.1/−19.8
−5.1/−37.5
4.1/4.1
0.7/0.7
2.4/15.9
−3.9/−10.5
3.3/3.2
0.6/0.6

DJF
−1.1/−4.3
−3.0/11.1
5.1/5.0
0.8/0.8
8.8/−9.3
−14.6/9.2
6.5/7.3
0.4/0.4
6.7/45.2
4.7/−38.4
4.3/4.5
0.8/0.8
7.7/18.4
12.0/−10.3
6.6/6.4
0.7/0.6
4.3/68.9
−5.4/−47.1
6.2/6.7
0.4/0.4
13.1/55.6
31.0/9.4
7.3/7.6
0.2/0.2
−4.4/−54.8
0.1/51.7
5.8/5.8
0.5/0.5
−8.3/−57.9
−2.8/−10.9
6.2/6.3
0.3/0.2
11.2/76.9
9.7/−33.9
4.4/4.8
0.4/0.3

MAM
−1.8/28.3
−0.1/−20.7
10.5/10.4
0.3/0.3
−3.5/−0.5
2.2/−9.6
11.8/11.8
0.0/0.1
−13.3/−7.3
−7.2/15.7
11.3/11.3
0.2/0.2
0.5/22.3
−11.7/11.8
8.8/8.9
0.3/0.3
3.9/62.8
13.0/20.8
9.4/9.4
0.3/0.3
23.3/80.1
−19.7/−36.0
9.4/10.2
0.3/0.4
13.5/40.7
−2.0/50.6
6.3/7.0
0.2/0.3
0.9/42.1
1.4/−32.5
3.7/3.8
0.6/0.6
1.0/13.2
−2.8/4.3
4.4/4.4
0.4/0.4

JJA

Precipitation Amount

2.5/−15.4
−7.2/16.8
5.7/5.8
0.5/0.6
−2.0/1.2
3.9/−20.2
5.4/5.5
0.6/0.6
24.2/84.4
−25.5/−123.7
6.2/7.2
0.7/0.7
−2.9/−10.9
4.4/28.5
4.4/4.5
0.8/0.8
5.8/12.7
5.3/−6.1
7.0/7.2
0.5/0.5
−2.1/−9.7
2.1/20.8
4.8/4.8
0.6/0.6
1.5/34.5
−0.9/29.7
3.7/3.9
0.4/0.5
−10.5/−49.1
0.6/63.8
4.0/4.5
0.7/0.7
−2.2/8.1
−2.2/−8.5
2.9/3.0
0.5/0.5

SON

Table 2: Results of the cross-validation for SCA3. The left and right values indicate the estimates of LOOCV-RCM and
LOOCV-GCM, respectively. Differences in the ensemble mean (MEAN) and SD between reconstructed and original ensemble
are multiplied by a factor of 100 and the units are [K] and [%] for air temperature and precipitation amount, respectively. The
RMSD values are inflated by additional variability due to random sampling of the residuals. R2 represents the coefficient of
determination between the CCSs of RCMs and associated driving GCMs.

5 Results of the Cross-Validation
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Figure 4: Linear least-square fits between the seasonal CCSs of RCMs and associated driving
GCMs for air temperature (panel a) and precipitation amount (panel b). In each panel, top-left
is DJF, top-right is MAM, bottom-left is JJA, and bottom-right is SON.
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measure of the predictive skill of our statistical reconstruction method, we expect rather
small errors introduced by the statistical model in prediction mode. As already discussed
above, the RMSD values are inflated by additional variability due to random sampling of
the residuals. The coefficient of determination (R2 ) is generally larger for air temperature
than for precipitation amount, ranging from below 0.1 for precipitation amount for MD
in JJA up to 0.9 for air temperature in several subregions and seasons. However, small
R2 values are generally not related to large biases and/or differences in the ensemble
spread, reflecting a potential instability of the R2 due to the rather small sample size.
Figure 4 displays the linear fits between the CCSs of RCMs and associated driving GCMs
as further applied in the study. As it can be seen, intercept and slope are both varying
across subregions and seasons, further underpinning that the formulation of the zero
intercept model (SCA0) may not be appropriate. This is generally in agreement with the
results of the LOOCV. For example, air temperature reveals a distinct non-zero intercept
in MAM for all subregions which consequently results in poor performance of SCA0
concerning both LOOCV strategies (see Figure 8 and Figure 10 in the Appendix).

6 Revision of Expected Regional Climate Change and its
Uncertainty over Europe
Table 3a and Table 3b show the differences in ensemble mean and standard deviation
between original and filled ENSEMBLES simulation matrix for air temperature and
precipitation amount, respectively. For air temperature, the differences in the ensemble
mean are mostly negative in DJF, JJA, and SON, indicating slightly larger CCSs of the
original ensemble, while in MAM larger mean values of the filled ensemble are obtained for
all subregions. However, the differences are rather small and insignificant, with maximum
differences in the order of ±0.2 K. For the ensemble standard deviation, mostly lower
values for the filled ensemble are obtained. Exceptions are EA in JJA and BI in DJF and
the differences are again small and insignificant, peaking up to −0.5 K for SC in MAM.
For precipitation amount, the differences in the ensemble mean vary across seasons and
subregions. As for air temperature, the differences are again small and insignificant, with
a maximum difference of 1.1 % for AL in DJF. Concerning the ensemble spread, mostly
lower standard deviations for the filled ensemble are obtained. Exceptions are SC in DJF
as well as FR and ME in MAM. The differences are again rather small and insignificant,
peaking up to −4.4 % for FR in JJA.
Table 3c and Table 3d show the differences in ensemble mean and standard deviation
between original and extended ensemble concerning all available GCM simulations of
CMIP3 forced by the A1B emission scenario. For air temperature, the ensemble mean of
the extended ensemble is mostly reduced, showing the largest differences in EA in JJA
with −0.4 K. However, no statistical significance for the changes is obtained. Concerning
the ensemble spread, the extended ensemble generally shows a reduction with the most
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Table 3: Ensemble seasonal mean changes (upper rows of each panel) and standard deviations
(lower rows of each panel) between 2021–2050 and 1961–1990 of original and filled ENSEMBLES
simulation matrix (panel a and b, respectively) and of original and extended ENSEMBLES
simulation matrix (panel c and d, respectively). The left and right values in each box indicate
the estimates of original and reconstructed ensemble respectively. The brightness of the colors
represents the level of significance of the corresponding differences. Blue and red colors indicate
a shift towards lower and larger estimates of the reconstructed ensemble, respectively.
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pronounced changes in EA and SC in MAM with −0.5 K. Again, the changes are mostly
insignificant. For precipitation amount, the sign of the difference in the ensemble mean is
varying among subregions and seasons (only in SON mostly lower CCSs of the extended
ensemble are obtained). The largest difference is −4.2 % in IP in DJF and the changes
are again mostly insignificant. Concerning the ensemble spread, mostly lower ensemble
standard deviations for the extended ensemble are obtained. The most pronounced change
is obtained in AL in JJA with −3.3 % and the changes are again mostly insignificant.
We note that the main characteristics of the geographical pattern of the CCSs are not
deteriorated through statistical reconstruction (also see Figure 12 and Figure 13 in the
Appendix). These patterns include large spatial differences of winter air temperature
change, which are explained by moderate warming of the ocean influencing the maritime
climate of western Europe in combination with altered snow-albedo feedback mechanisms
in northern and eastern Europe (Rowell 2005), high summer air temperatures in the
south, which are related to an earlier and more rapid reduction of soil moisture in spring
(e.g., Wetherald and Manabe 1995; Gregory et al. 1997), and a bipolar pattern of the
precipitation change (decrease in the south and increase in the north), which can be
related to a seasonal dependent northward shift of the mid-latitude storm track which
is identified as the European Climate Change Oscillation (ECO) (Giorgi and Coppola
2007). Although the focus of this study is on near-term projections until the mid-21st
century, we stress that the projected changes are expected to further increase after the
2050s (e.g., Heinrich et al. 2013a). In this respect, the projected precipitation changes are
expected to further intensify until the end of the 21st century with the most pronounced
intensifications for the hot-spot regions in southern and northern Europe. Furthermore,
the confidence of the projected precipitation changes generally increases until the end of
the 21st century. However, low confidence remains especially along the transition zone
from drier conditions in southern Europe to wetter conditions in northern Europe.
Figure 5 depicts maps for the confidence levels of the precipitation changes for the
original, filled, and extended ENSEMBLES simulation matrix. Maps for air temperature
are not shown, since very high confidence of warming is achieved in all subregions with
and without reconstruction (see Figure 14 in the Appendix). The confidence of the
projected precipitation changes are partly reduced for the filled ENSEMBLES simulation
matrix in DJF, MAM, and SON, revealing overconfident projections of the original
ensemble. Concerning the extended ENSEMBLES simulation matrix, both lower and
larger confidence levels are obtained, revealing under- as well as overconfident projections
of the original ensemble. For example, larger confidence levels are obtained for the changes
in MD in SON, while in BI, EA, IP, and ME the confidence is reduced. However, the
differences between original, filled, and extended ENSEMBLES ensemble are generally
small and the overall picture of high confidence in the northern- and southernmost
European regions with low confidence in-between is further underpinned.
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Figure 5: Confidence of the projected precipitation changes for the original (panel a), filled (panel
b), and extended (panel c) ENSEMBLES simulation matrix. Green, yellow, and red colors
display very high confidence, high confidence, and medium or no confidence, respectively. The
numbers indicate the percentage of models which agree in the sign of the ensemble mean.
Percentages lower than 50 % indicate skewed distributions. In each panel, top-left is DJF,
top-right is MAM, bottom-left is JJA, and bottom-right is SON.
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7 Summary and Conclusions
This study assesses and compensates the GCM sampling bias in expected regional mean
climate change and the associated uncertainty of the ENSEMBLES RCM projections by
combining them with the full set of the CMIP3 GCM ensemble. The focus was on eight
European subregions and the seasonal mean changes of the two key climate variables air
temperature and precipitation amount until the mid-21st century were assessed.
In order to underpin the importance of reconstructing RCM responses, we first highlighted the impact of RCMs on the CCSs of their driving GCMs and showed that
downscaling generally leads to less warming (up to a reduction of 30 % of the GCM CCS)
and partly to more precipitation over Europe than projected by GCMs. We introduced
and evaluated various statistical data reconstruction methods which mimic these effects
and allow for an extension of the RCM ensemble to additional driving GCMs. The
most appropriate reconstruction method, a randomized scaling approach with errors
in ensemble mean and standard deviation mostly less than ±0.1 K and ±1 % for air
temperature and precipitation amount, respectively, was applied to fill the missing values
of the ENSEMBLES simulation matrix and to further extend the matrix by all available
CMIP3 GCM simulations forced by the A1B emission scenario. Differences between
original, filled, and extended ENSEMBLES simulation matrix were assessed in order to
identify potential ensemble biases and improperly estimated uncertainty ranges due to the
GCM sampling strategy of ENSEMBLES. The key findings of the intercomparison can
be summarized as follows: (1) The estimated mean climate change for air temperature
and precipitation amount over Europe is not significantly altered due to reconstruction
in almost all seasons and subregions. (2) The estimated uncertainty is generally not
increased by extension of the ENSEMBLES simulation matrix to the entire CMIP3
ensemble. In some seasons and subregions it is even significantly reduced. We note
that no weighting regarding model performance was applied in our study. Although our
framework would allow for the incorporation of such weights, the benefits of performance
weighting in constraining uncertainty of future projections could yet not be sufficiently
demonstrated (e.g., Déqué and Somot 2010; Knutti et al. 2010).
From the results of our analysis we conclude that expected mean climate change and the
associated uncertainty of the ENSEMBLES RCM projections are both not underestimated
using only few driving GCMs. In contrast, the ensemble spread of the extended ensemble
is partly significantly lower than that of the original ensemble. Therefore, this study
substantially adds to the reliability of numerous recent climate change impact studies
over Europe which use the full range or a carefully selected subset of the ENSEMBLES
projections (e.g., Finger et al. 2012; Heinrich and Gobiet 2012), since it confirms that
the ensemble is not significantly biased and the uncertainty is not underestimated due to
GCM sub-sampling.
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Figure 6: Results of the LOOCV-GCM for air temperature based on the subset of RCMs which
are driven by multiple GCMs. Displayed are the differences between reconstructed and original
ensemble mean (panel a) and standard deviation (panel b), and the associated root mean
square deviations (panel c). The spread of the box-whisker plots shows variability among
subregions and displayed are the 10th , 25th , 50th , 75th , and 90th percentiles.
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Figure 7: Same as Figure 6 but for precipitation amount.
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Figure 8: Same as Figure 6 but for LOOCV-RCM based on the entire sample of RCM simulations.
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Figure 9: Same as Figure 8 but for precipitation amount.
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Figure 10: Same as Figure 6 but for LOOCV-GCM based on the entire sample of RCM simulations.
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Figure 11: Same as Figure 10 but for precipitation amount.
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Figure 12: Projected seasonal air temperature changes between the two periods of 2021–2050 and
1961–1990 for the original (panel a), filled (panel b), and extended (panel c) ENSEMBLES
simulation matrix. In each panel, top-left is DJF, top-right is MAM, bottom-left is JJA, and
bottom-right is SON.
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Figure 13: Same as Figure 12 but for precipitation amount.
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Figure 14: Confidence of the projected air temperature changes for the original (panel a), filled
(panel b), and extended (panel c) ENSEMBLES simulation matrix. Green, yellow, and red
colors display very high confidence, high confidence, and medium or no confidence, respectively.
The numbers indicate the percentage of models which agree in the sign of the ensemble mean.
In each panel, top-left is DJF, top-right is MAM, bottom-left is JJA, and bottom-right is SON.
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DJF
1.6/1.3
1.8/1.4
1.4/1.1
1.6/1.1
1.8/1.4
2.1/1.4
1.3/1.0
2.3/1.8
1.9/1.4

MAM
2.5/2.0
3.0/2.2
2.2/1.5
1.8/1.3
2.4/1.8
2.5/1.7
1.3/1.1
1.8/1.4
2.2/1.7

JJA

1.9/1.7
2.0/1.7
1.7/1.4
1.8/1.5
1.9/1.6
2.1/1.7
1.4/1.3
2.2/2.0
2.0/1.7

SON

−1.4/0.0
−2.1/−3.1
3.9/4.5
7.4/7.8
4.4/3.5
8.4/9.1
7.4/7.9
9.0/10.1
5.2/4.7

DJF

−11.0/−10.6
−8.2/−7.6
−7.0/−3.9
1.9/2.4
−2.1/−0.3
2.6/2.1
−1.8/0.4
6.7/8.9
−0.2/−0.4

MAM

−15.5/−16.5
−13.8/−14.9
−15.6/−9.1
−3.6/1.5
−7.6/−3.0
−6.2/−0.8
−6.6/−1.8
4.2/7.5
−3.4/−0.6

JJA

−14.3/−10.8
−4.6/−4.2
−3.2/−0.3
3.3/6.2
−0.5/0.8
2.8/4.7
4.6/5.7
9.0/11.1
2.5/3.1

SON

Precipitation Amount

1.4/1.4
1.8/1.6
1.6/1.5
1.9/1.7
2.0/1.8
2.5/2.0
1.4/1.2
2.6/2.2
2.1/1.8

Air Temperature

Table 4: Seasonal mean CCSs of the ENSEMBLES RCM simulations (right values) and associated GCM simulations (left values)
for air temperature and precipitation amount. The CCSs are calculated between the two periods of 2021–2050 and 1961–1990.

IP
MD
FR
ME
AL
EA
BI
SC
EU
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B

Empirical-Statistical Downscaling and Error Correction of
Regional Climate Models and its Impact on the Climate
Change Signal

Abstract: Realizing the error characteristics of Regional Climate Models (RCMs) and
the consequent limitations in their direct utilization in climate change impact research, this
study analyzes a quantile-based empirical-statistical error correction method (Quantile
Mapping (QM)) for RCMs in the context of climate change. In particular the success of
QM in mitigating systematic RCM errors, its ability to generate “new extremes” (values
outside the calibration range), and its impact on the Climate Change Signal (CCS) are
investigated.
In a cross-validation framework based on an RCM control simulation over Europe,
QM reduces the bias of daily mean, minimum, and maximum temperature, precipitation
amount, and derived indices of extremes by about one order of magnitude and strongly
improves the shapes of the related frequency distributions. In addition, a simple extrapolation of the error correction function enables QM to reproduce “new extremes”
without deterioration and mostly with improvement of the original RCM quality. QM
only moderately modifies the CCS of the corrected parameters. The changes are related
to trends in the scenarios and magnitude-dependent error characteristics. Additionally,
QM has a large impact on CCSs of non-linearly derived indices of extremes, such as
threshold indices.
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1 Introduction
Regional Climate Models (RCMs) (Giorgi and Mearns 1991, 1999; Wang et al. 2004)
are widely used tools for providing regional climate information over limited areas.
With projects as ENSEMBLES (van der Linden and Mitchell 2009) or PRUDENCE
(Christensen and Christensen 2007) the availability and reliability of RCM simulations for
Europe has increased rapidly in recent years. However, RCMs still feature considerable
systematic errors (e.g., Frei et al. 2003; Suklitsch et al. 2008, 2010), which complicate
the application of RCM results in climate change impact research.
One common way to deal with model errors in climate change impact studies is the
“delta change approach”, also called perturbation method (Déqué 2007; Fowler and
Kilsby 2007; Graham et al. 2007). This method generates climate scenarios by adding the
Climate Change Signal (CCS) from an RCM simulation to daily or monthly observations.
The CCS is defined as the difference of climatological means (e.g., monthly, seasonal, or
annual) between the future (e.g., 2021–2050) and present or past (e.g., 1971–2000) of a
climate variable. By taking the difference, systematic model errors are removed as long
as they are similar in both periods, but any potential change in temporal variability is
removed as well, since variability is inherited from the observations.
Besides the delta approach, more sophisticated RCM post-processing methods have
been proposed and evaluated by e.g., Boé et al. (2007), Graham et al. (2007), Leander and
Buishand (2007), Lenderink et al. (2007), Dobler and Ahrens (2008), Piani et al. (2010b),
Piani et al. (2010a), Piani et al. (2010b), or Themeßl et al. (2011a). These approaches
belong to the family of Model Output Statistics (MOS) (Wilks 2005; Maraun et al.
2010) and are termed Empirical-Statistical Downscaling and Error Correction Methods
(DECMs). DECMs are technically identical to Empirical-Statistical Downscaling (ESD)
(Benestad et al. 2008) but relate modeled instead of observed predictors to observations
(predictand). As a consequence, DECMs are only valid for the model they are calibrated
on and, in addition to the ESD’s traditional purpose of downscaling coarser resolved
model results to the local scale, also aim at the reduction of model errors.
In a comprehensive inter-comparison study of seven DECMs for daily precipitation
from a 10 km resolved RCM Themeßl et al. (2011a) conclude that Quantile Mapping
(QM) outperforms all other investigated DECMs, although local intensity scaling and
the analogue methods nearly result in similar performance. Besides, they also show
that at least for daily precipitation linear regression approaches, although optimized by
predictor transformation and randomization, fail in systematically reducing RCM error
characteristics, as expected. Based on these findings, as well as similar shown correction
potential for other RCMs and parameters (e.g., Dobler and Ahrens 2008; Piani et al.
2010a; Rojas et al. 2011; Heinrich and Gobiet 2012), QM is chosen here for all error
correction purposes.
However, most studies that evaluate DECMs applied on RCMs are based on relatively
short simulations of the past. Applications to longer climate simulations also exist but
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Figure 1: The location of the European subregions. British Isles (BI), Iberian Peninsula (IP),
France (FR), Middle Europe (ME), Scandinavia (SC), Alpine Region (AL), Mediterranean
(MD), Eastern Europe (EA).

primarily in hydrological literature and rather focus on the results of hydrological models
(Dettinger et al. 2004; Wood et al. 2004; Fowler and Kilsby 2007; Leander and Buishand
2007; van Pelt et al. 2009) than on the performance of the error correction. Thus, the
aim of this study is a) to extend the available studies by analyzing the performance
of QM in the context of climate change, b) to demonstrate the flexibility of QM to be
successfully applied to different parameters c) to investigate QM’s options to reproduce
“new extremes” (values outside the calibration range), and d) to analyze the impact of
QM on the CCS.
The article is structured as follows: Section 2 focuses on the data used in this study and
on methodological issues. Section 3 discusses the performance of the applied DECM for
different parameters and its impacts on CCSs, followed by Section 4, which summarizes
and discusses the key findings of this study.

2 Data and Methods
2.1 Data
Daily mean, minimum, and maximum temperature as well as daily precipitation amount
from the COSMO Model in Climate Mode (CCLM) (Boehm et al. 2006) are used in this
study. The model data is provided by ETH Zurich within the ENSEMBLES project and
covers entire Europe with a gridspacing of about 25 km. The applied simulations are
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driven by lateral boundary conditions from the ERA-40 reanalysis (Uppala et al. 2005)
for the period 1961–2000 (hindcast simulation) and from the coupled ocean-atmosphere
General Circulation Model (GCM) HadCM3 with normal sensitivity (Q0) (Gordon
et al. 2000) for the period 1961–2050 (control and scenario simulation). The control
simulation (1961–2000) is based on observed greenhouse gas concentrations and the
scenario simulation (2001–2050) on the Special Report on Emission Scenarios (SRES)
greenhouse gas emission scenario A1B (Nakicenovic et al. 2000). Within the ENSEMBLES
project 22 RCM simulations driven by 8 different GCMs are available. Compared to
other simulations in this ensemble, the CCLM simulation can be regarded as sensitive in
terms of temperature change and moderate in terms of precipitation change (Heinrich
and Gobiet 2012).
The E-OBS-v2.0 Dataset (E-OBSv2.0) (Haylock et al. 2008) provides the observational
reference for this study. We use the respective 0.25-degree gridded daily mean, minimum,
and maximum temperature as well as daily precipitation amount for the period 1961–2000.
The data represents spatially averaged values rather than point-scale information and
is therefore suited to be compared or related to RCM results (Déqué 2007). However,
E-OBSv2.0 features known deficiencies, i.e. mean values and temperature parameters
are of higher quality than extremes and precipitation amount (Hofstra et al. 2009). As
E-OBSv2.0 lacks some data at the beginning of the 1960s, only grid cells with at least
80 % data availability between 1961 and 2000 are used.
For the subsequent evaluation, Europe is divided into eight subregions, according to
Christensen and Christensen (2007) (see Figure 1).

2.2 Method
2.2.1 Basic Quantile Mapping Method
Our implementation of QM can be classified as distribution-based (calibrated on climatological distributions rather than on paired data), direct (predictor and predictand are
the same parameters), and parameter-free (using Empirical Cumulative Distribution
Functions (ECDFs) rather than theoretical cumulative distribution functions). QM is
applied on daily basis (t) and for each grid cell (i) separately resulting in a corrected
time series Y cor in Equation 1 using a Correction Function (CF) defined in Equation 2.
cor
raw
Yt,i
= Xt,i
+ CFt,i
−1

(1)
−1

CFt,i = ECDFobs,cal
(Pt,i ) − ECDFmod,cal
(Pt,i )
doy,i
doy,i

(2)

raw
Pt,i = ECDFmod,cal
doy,i (Xt,i )

(3)

CF represents the difference between the observed (obs) and the modeled (mod) inverse
ECDF (ECDF−1 ) for the respective day of the year (doy) in the calibration period (cal)
at probability P . P is obtained by relating the raw climate model output X raw to the
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corresponding ECDF in the calibration period. For QM calibration, doy is centered
within a 31 days moving window, which is used to construct an ECDF for each day of
the year.
2.2.2 Frequency Adaptation
This study extends the basic QM procedure described in the previous subsection (QMv0,
further details in Themeßl et al. (2011a)) by frequency adaptation (QMv1). Frequency
Adaptation (FA) is applied in order to account for a methodological problem, which
occurs if the dry-day frequency in the model result (ECDFmod,cal ) is greater than
in the observations (ECDFobs,cal ). Usually this is not the case, since many RCMs
tend to underestimate the dry-day frequency (“drizzling-effect”; e.g., Gutowski et al.
(2003)), but occurs, e.g., along with the so called summer drying problem of RCMs
in south-eastern Europe (Hagemann et al. 2004; Jacob et al. 2007). In such cases,
QM without FA results in a systematic wet precipitation bias as any dry day in X raw
is mapped to a precipitation day (compare Figure 2). With FA only the fraction
obs,cal
mod,cal
∆P0 = (ECDFmod,cal
doy,i (0) − ECDFdoy,i (0))/ECDFdoy,i (0) of such dry-day cases with
probability P0 are corrected randomly by linearly interpolating between zero precipitation
−1
and the precipitation amount of ECDFobs,cal
(ECDFmod,cal
doy,i
doy,i (0)) (the first precipitation
class in QM without FA). By this means, the wet bias is removed (Figure 2). FA
also confirms its applicability and stability in a stricter evaluation setup with differing
calibration and evaluation periods (decadal cross validation, see Section 3.1) between
1961 and 2000. Applied to the control RCM simulation and the observational reference
E-OBSv2.0, the summer season precipitation overestimation in Eastern Europe of QM
without FA is removed systematically.
2.2.3 New Extremes
In climate change applications, the question arises how to treat values outside the range
of the calibration period (“new extremes”). Unlike for a wide range of values that are not
too close to the outer bounds of the calibration range (where QM clearly reduces model
errors, see subsequent sections), DECMs are expected to deteriorate RCM results with
regard to new extremes, since they are often per construction not able to produce such
values. In order to mitigate this problem, two further extensions of QMv1 are proposed
here and compared to QMv0. These extensions comprise
a) constant extrapolation of the correction value (difference between ECDFobs,cal and
ECDFmod,cal ) at the highest and lowest quantiles of the calibration range (QMv1a;
compare Boé et al. (2007); Déqué (2007)) and
b) the same extrapolation, but neglecting the three highest⁄lowest correction terms
(QMv1b). This approach is based on the assumptions that the tails of the correction
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Figure 2: The impact of FA on QM’s performance for daily precipitation. QMv0 and QMv1
are shown. Both QM versions are calibrated and evaluated for July 1 1961–2000 at one
single grid-cell in Eastern Europe with pronounced summer drying problem (panels a and
b). Precipitation in panel b is classified into 1 mm d−1 bins, where the respective class mid
is indicated on the x-axis. Panels c (QMv0) and d (QMv1) show the cross validated summer
season precipitation bias maps for Eastern Europe.

Figure 3: Comparison of different QM approaches applied to new extremes of daily precipitation
amount. The QQ-Plot compares yearly maxima of the 5 years with highest maxima for each
grid cell in entire Europe between 1961 and 2000.
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functions are likely to be very noisy.
Fitting theoretical distributions to the empirical distribution function of the data (e.g.,
Dobler and Ahrens 2008; Piani et al. 2010a) would resolve the “new extremes” problem
as well. However, such a fitting is not part of this study, since this would lead to a
loss of information compared to empirical distributions and thus potentially introduces
biases. Furthermore, by using a theoretical distribution QM becomes less flexible in its
application to different parameters and regions as a priori information about the shape
of the Probability Density Functions (PDFs) is needed. Also fitting arbitrary transfer
functions to the ECDFs resolves the “new extremes” problem (see Piani et al. (2010b)
for an application to global climate models), but still, problems and shortcomings due to
the fitting process have to be taken into account.
The evaluation of QMv1a and QMv1b is based on the ERA-40-driven CCLM hindcast in
order to assure highest possible temporal correlation between the model and observations.
This is necessary in order to design an evaluation setup that contains “new extremes” in
the observational data of the evaluation period, which should be also represented in a
well-performing model. The annual maxima of uncorrected, corrected (3 variants), as
well as observed daily time series for the 5 years containing the highest annual maxima
in the observation between 1961 and 2000 are evaluated at each grid cell over Europe.
The evaluation years are always left out in the calibration process, which guarantees
that the evaluated extremes are outside of the calibration range. Quantile-Quantile-Plots
(QQ-Plots) in Figure 3 show the results for maximum one day precipitation for entire
Europe. Comparable results are obtained for the three temperature parameters.
The uncorrected RCM overestimates the maxima in this case, while QMv0 significantly
underestimates the new extremes due to its methodological constraint of mapping to
the maximum of the calibration period. In contrast, QMv1a and QMv1b are both able
to generate new extremes. Furthermore, QMv1a and QMv1b are capable to partly
outperform the uncorrected RCM even for new extremes. This is surprising, since the
simple extrapolation is based only on weak empirical evidence. However, this finding
clearly indicates that both extrapolations are favorable compared to QMv0, since it
removes a major drawback of the QM method without deterioration of the RCM’s quality.
The remaining overestimation in the upper tails is due to the fact, that allowing new
extremes in QM is accompanied with the loss of the ability to reliably remove outliers
from the RCM output (as done by QMv0).
Comparing QMv1a to QMv1b, QMv1a performs slightly better in this example due
to the rather smooth tails of the CCLM error correction functions (not shown). Thus,
QMv1a is applied in all our subsequent analyses.
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3 Results
3.1 Evaluation of QM with Regard to Precipitation and Temperature
The evaluation focuses on QM’s error correction potential, not on downscaling, as the
RCM and E-OBSv2.0 feature comparable spatial resolutions. In order to assess the
applicability of QM to a climate simulation setup (i.e., to a GCM-driven RCM), our
evaluation compares the control simulation between 1961 and 2000 to the observational
reference E-OBSv2.0. Based on the climate simulation setup, QM corrects for the
combined GCM-RCM error. Such application is only possible with distribution-wise
DECMs that do not rely on temporal correlation between the model and the observation.
The flexibility of QM is assessed by evaluating not only daily precipitation amount,
for which the method was originally designed (Themeßl et al. 2011a), but also daily
mean, minimum, and maximum temperature. We apply a decadal “leave one out” cross
validation approach (e.g., Themeßl et al. 2011a), where each decade within 1961–2000
is corrected independently with the remaining 30 years used for calibration. The error
characteristics are discussed either averaged over the four validation decades via spatial
bias maps and tables or for the entire 40 validation years via PDFs for subregions.
Figure 4 exemplarily shows the seasonal bias pattern of the uncorrected and corrected
CCLM precipitation amount in Winter (DJF) and Summer (JJA) over Europe. Table 1
complements Figure 4 summarizing the respective subregional mean biases for all seasons
as well as the observed values. With the exception of JJA, CCLM is too wet with
biases between −0.7 mm d−1 to +1.5 mm d−1 (about −40 % and +70 %). In DJF the
bias pattern features a pronounced spatial variation and particularly follows orographic
structures. The same pattern can be found in Spring (MAM) and Autumn (SON) (not
shown). Referring to Hofstra et al. (2009), who concluded that E-OBSv2.0 is of limited
quality in areas with complex terrain, these biases could be partly due to errors in
the reference dataset. In summer, precipitation is strongly underestimated in southern
Europe with dry maxima in IP, MD, and EA.
With QM (including frequency adaptation) the bias is almost removed across Europe,
independently of region and season. Remaining absolute biases amount to ≤ 0.1 mm d−1
at subregional scale and ≤ 0.5 mm d−1 at grid cell scale.
The PDFs of daily precipitation amount in Figure 5 are shown for subregions IP,
SC, and AL. These subregions have been selected for closer evaluation due to their
differing climatic conditions and their differing bias characteristics and will be used
subsequently for all further analyzes. The PDFs reveal a distinct intensity dependency of
the precipitation error. While the dry-day frequency is systematically underestimated
by CCLM, the frequency of light precipitation events between 0.1 mm d−1 and 1 mm d−1
(“drizzling”) as well as of heavy precipitation events are mostly overestimated by CCLM.
Quantile mapping corrects the frequency of dry days adequately, also through the
implementation of FA, and properly adjusts intensities below 30 mm d−1 ; the frequency of
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BI
IP
FR
ME
SC
AL
MD
EA

BI
IP
FR
ME
SC
AL
MD
EA

Subregion
RCM

QM

Precipitation Amount
3.4
0.2
0.0
2.6
0.2
−0.1
2.3
1.1
0.0
1.8
0.9
0.0
1.7
0.5
0.0
2.6
1.5
0.0
2.2
0.7
0.0
1.1
0.8
0.0
Mean Temperature
3.9
−0.5
0.0
6.5
−0.7
0.0
4.4
−0.4
0.0
1.1
−0.8
0.0
−7.7
−1.2
−0.1
−0.2
−1.6
0.0
4.7
−0.9
−0.1
−2.0
−1.0
−0.1

E-OBS

DJF

7.6
11.6
9.9
8.3
1.3
6.9
11.1
8.3

2.4
1.9
2.0
1.8
1.3
3.0
1.7
1.4

E-OBS

MAM

0.0
0.1
0.0
0.0
0.0
0.1
0.0
0.0
−0.1
−0.1
−0.1
−0.1
−0.2
−0.1
−0.1
−0.1

−1.2
−0.9
−1.5
−1.7
−3.6
−2.6
−1.2
−1.9

QM

0.2
0.1
0.7
0.6
0.4
1.0
0.7
0.7

RCM

14.1
20.8
17.8
16.8
13.0
16.1
20.9
18.0

2.4
0.8
1.7
2.2
2.2
3.2
1.0
2.2

E-OBS

JJA

−0.4
1.7
1.0
0.9
−1.1
1.0
2.3
2.8

0.2
−0.3
0.1
0.0
0.2
−0.3
−0.4
−0.7

RCM

0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0

0.0
0.0
0.0
0.0
0.0
−0.1
−0.1
0.0

QM

9.4
14.1
11.7
9.3
2.8
8.6
13.7
8.7

3.4
2.2
2.4
1.9
2.3
3.3
2.2
1.5

E-OBS

SON

−0.3
0.0
−0.4
−0.9
−1.0
−1.1
−0.2
−0.6

−0.1
0.0
0.5
0.4
0.3
0.9
1.0
0.6

RCM

0.0
0.0
0.0
0.0
0.1
0.0
0.0
0.0

0.0
0.0
0.0
0.0
0.0
0.1
0.1
0.0

QM

Table 1: Subregional and seasonal biases of the uncorrected RCM (RCM), the corrected RCM (QM), and the respective
observational data (E-OBS) for mean temperature [◦C] and precipitation amount [mm d−1 ].
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Figure 4: JJA and DJF seasonal bias of uncorrected (upper two panels) and corrected (lower
two panels) precipitation amount from the RCM control simulation (1961–2000) compared to
E-OBS. Statistics for entire Europe are given in the upper left corner of each panel.

Figure 5: Seasonal observed, uncorrected model, and corrected model PDFs (upper sub-panels)
of precipitation amount for IP (top row), SC (middle row), and AL (bottom row). Differences
between the uncorrected⁄corrected and observed data at different percentiles are shown in the
lower sub-panels.
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Figure 6: The same as in Figure 4 but for mean temperature.

Figure 7: The same as in Figure 5 but for mean temperature.
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higher intensities (usually above the 99 percentile) is still often overestimated, depending
on season and region. However, these remaining errors are in general smaller than the
RCM errors.
The temperature evaluation (Figure 6 and Table 1) reveals that the RCM is cold biased
across Europe in all seasons except JJA. The respective biases range from −3.6 K to
+2.8 K on subregional scale. Smaller scale biases are larger and often associated with
orographical features and coastlines. In summer the model exhibits a strong warm bias
in large parts of Europe peaking in IP, EA, and MD. In combination with the dry bias,
this deviation represents the already mentioned summer drying problem, which is found
for several RCMs over Europe. In SC, the RCM is cold biased.
Biases of minimum and maximum temperature partly strongly deviate in their patterns
as well as magnitude from mean temperature biases (not shown).
Regardless of the spatially and temporally varying error characteristics, QM corrects
the temperature bias to virtually zero throughout Europe. Remaining absolute biases
are smaller than 0.2 K on the subregional scale and smaller or equal 0.3 K on the grid
cell scale. Similar results are obtained for daily minimum and maximum temperature
(not shown).
The uncorrected RCM PDFs in Figure 7 roughly capture the seasonal characteristics
but show notable deviations from the observational reference. The errors at different
percentiles are mostly in the range of ±3 K and highly magnitude dependent. Remarkable
is the frequency peak of the RCM at zero degree. This is most probably related to
problems in the representation of melting and freezing processes in the CCLM soil and
snow models.
In contrast, all corrected PDFs nicely resemble the observations and do not feature
any spurious deviations at zero degree. However, the percentile difference plots also show
that the tails of the corrected distributions still feature considerable errors. Nevertheless,
they tend to be smaller than the uncorrected ones and only concern rare values outside
the ±2σ range. Similar results are obtained for daily minimum and daily maximum
temperature (not shown).

3.2 Evaluation of QM with Regard to Derived Parameters
The performance of QM with regard to derived parameters is investigated in this subsection. For this purpose, we consider different indices, which are listed and defined in
Table 2.
The RCM generally overestimates precipitation-related indices (Figure 11 and Table 3)
over most parts of Europe. The error patterns for pint and pn10 essentially show the same
structure with large areas ≥ +0.7 mm d−1 and ≥ +7 days/year (days y−1 ), respectively
and orographically induced underestimation. px1d is overestimated even more widespread
by more than +9 mm d−1 .
QM reduces the subregional absolute biases to ≤ 0.1 mm d−1 (≤ 0.5 mm d−1 on grid
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Table 2: List of analyzed derived indices of extremes with their abbreviation, long name, and
definition.
Acronym

Long name

Definition

tasx
txn25
tnn20
pint
pn10
px1d

Maximum mean temperature
No. of summer days
No. of tropical nights
Precipitation intensity
Heavy precipitation days
Maximum 1 day precipitation

Maximum of daily mean temperature
No. of days with daily maximum temperature > 25 ◦C
No. of days with daily minimum temperature > 20 ◦C
Mean precipitation amount on days ≥ 1 mm d−1
No. of days with precipitation amount ≥ 10 mm d−1
Maximum of daily precipitation amount

Figure 8: Annual PDFs of the uncorrected model, the corrected model, and observations for pint,
pn10, px1d, tasx, txn25, and tnn20 in AL. The lower sub-panels present the corresponding
differences between the uncorrected⁄corrected and observed data at different percentiles.
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Table 3: As in Table 1 but on annual basis for pint [mm d−1 ], pn10 [days y−1 ], px1d [mm d−1 ],
tasx [K], txn25 [days y−1 ], and tnn20 [days y−1 ].
Subregion
BI
IP
FR
ME
SC
AL
MD
EA
BI
IP
FR
ME
SC
AL
MD
EA

E-OBS
pint
5.9
7.2
5.5
4.7
4.6
8.5
6.9
4.7
tasx
19.4
27.2
24.7
24.2
20.0
22.2
26.9
24.5

RCM

QM

0.1
0.2
0.7
0.6
0.6
0.6
1.5
0.7

0.0
0.1
0.0
0.0
0.0
0.1
0.1
0.1

0.2
2.2
2.5
2.3
−0.6
2.0
2.7
5.2

0.0
−0.3
−0.5
−0.5
−0.3
−0.6
−0.1
−0.3

E-OBS
pn10
28.9
20.8
18.6
13.9
13.4
35.6
19.4
11.4
txn25
3.8
89.6
37.2
27.0
6.6
32.9
82.5
44.9

RCM

QM

0.5
−2.4
6.7
5.9
4.7
5.2
2.8
4.4

−0.1
0.0
0.0
0.0
0.0
−0.3
−0.1
−0.1

1.3
24.1
15.6
15.1
0.7
15.3
24.4
27.7

0.0
−2.1
−0.9
−0.6
0.0
−0.9
−2.2
−1.4

E-OBS
px1d
32.9
35.1
28.1
25.2
23.5
47.1
33.7
25.5
tnn20
0.0
4.0
0.3
0.1
0.0
1.9
8.8
0.4

RCM

QM

4.0
13.2
14.4
11.9
8.9
21.8
27.8
11.2

2.0
3.4
2.4
2.9
1.7
4.4
4.2
2.8

0.1
15.3
5.4
2.1
0.1
6.6
20.1
12.3

0.0
−0.1
0.0
0.0
0.0
−0.1
−0.4
0.0

cell scale) for pint, ≤ 0.3 days y−1 (≤ 2.6 days y−1 on grid cell scale) for pn10, and
≤ 4.4 mm d−1 (≤ 19.5 mm d−1 on grid cell scale) for px1d. QM furthermore adapts the
shape and kurtosis of the PDFs to a very large degree (exemplarily shown for AL in
Figure 8 but similar results are obtained for IP and SC). However, all three corrected
indices of precipitation extremes feature a slight wet bias at the lowest values (similar to
the uncorrected indices). Furthermore, a reduced overestimation of px1d remains above
about 75 mm d−1 .
All uncorrected temperature extreme indices in Figure 12 and Table 3 are warm biased
in average and feature a north-south gradient. For tasx the subregional biases vary
between −0.6 K and +5.2 K, whereas subregional biases for txn25 and tnn20 amount up
to about +28 days y−1 and +20 days y−1 , respectively. In the case of tnn20, the maximum
biases exceed the respective observations by a factor of more than two.
After error-correction the biases are reduced by roughly one order of magnitude:
Remaining absolute biases are ≤ 0.6 K (≤ 1.6 K on the grid cell scale) for tasx, ≤ 2.2
days y−1 (≤ 4.4 days y−1 on grid cell scale) for txn25, and ≤ 0.4 days y−1 (≤ 2.7 days y−1
on grid cell scale) for tnn20. The errors in the shape as well as in the kurtosis of the PDFs
of the temperature extremes are strongly reduced (see Figure 8). Minor discrepancies at
the tail of the tasx distribution (smaller than ±3 K) remain, whereas errors for corrected
txn25 and tnn20 remain small throughout the entire distribution. Similar results are
obtained for IP and SC (not shown).
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Figure 9: Annual mean maps of the uncorrected monthly CCS (left column), the difference
between the uncorrected and the corrected CCS (middle column), and the respective annual
cycles of the CCS for three subregions. Top row: precipitation amount; bottom row: mean
temperature. In the lower part of the annual cycle plots change of significance is indicated with
“o” (unchanged significance), “−” (loss of significance after correction), and “+” (significance
established after correction).

3.3 Impact of QM on the Climate Change Signal
In order to evaluate the impact of QM on the CCS, QM calibrated on the control
simulation between 1961 and 2000 is applied to the RCM control and scenario simulation
until 2050. CCSs are calculated on monthly basis between the periods 1971–2000 and 2021–
2050 for the uncorrected as well as the corrected time series and compared with regard
to the mean CCS, spatial CCS pattern, annual cycle of the CCS, and the significance
of the monthly CCS. In cases with small CCSs numbers are given with higher accuracy.
The significance of the climate change signals is determined by the Wilcoxon rank sum
test (Wilks 2005) on the 95 % significance level.
Figure 9 displays uncorrected and corrected CCSs of precipitation amount and mean
temperature over Europe. Table 4 lists the respective subregional mean numbers. The
uncorrected annual precipitation CCS shows a north-south gradient over Europe from
an increase of +0.3 mm d−1 in SC to a decrease of −0.2 mm d−1 in IP. This pattern is
already known from various RCM simulations and, e.g., discussed in Giorgi and Coppola
(2007) or van der Linden and Mitchell (2009). QM leads to scattered local impact on
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Figure 10: Same as Figure 9 but for tasx (top row), txn25 (middle row), and tnn20 (bottom row).

the CCS mostly around mountain ridges and coastlines and only small impact on the
subregional scale. IP, SC, and AL feature distinct annual cycles of the CCSs, which vary
between −0.7 mm d−1 and +0.6 mm d−1 (Figure 9, upper rightmost panel). QM does
not change the general characteristics of these annual cycles and the differences remain
below 0.1 mm d−1 . E.g., the larger negative CCS in AL in summer is related to more
wet days ≤ 50 mm d−1 in the control period compared to the scenario period and the
higher positive correction values at these intensities (Figure 13). In almost all cases the
significance of the obtained CCSs remains unchanged by QM.
Regarding temperature, the uncorrected simulation yields an increase of +2.0 K on
average over Europe until the mid of the 21st century, with most subregional differences of
about ±0.5 K (compare Table 4). Similar to precipitation amount, QM only moderately
changes the annual CCS, with subregional absolute impact smaller or equal to 0.3 K.
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Table 4: Subregional annual CCS of precipitation amount (prec) [mm d−1 ], mean temperature
(temp) [K], as well as of the derived extremes (pint [mm d−1 ], pn10 [days mon−1 ], px1d [mm d−1 ],
tasx [K], txn25 [days mon−1 ], and tnn20 [days mon−1 ]). RCM indicates the uncorrected CCS
and QM the difference between the uncorrected and the corrected CCS.
Subregion
BI
IP
FR
ME
SC
AL
MD
EA
BI
IP
FR
ME
SC
AL
MD
EA

RCM
prec
0.11
−0.20
−0.18
0.04
0.26
−0.11
−0.10
0.02
px1d
1.21
−0.62
−0.37
0.62
1.61
0.04
0.09
0.38

QM
0.00
−0.02
0.02
0.00
−0.03
0.00
−0.01
−0.05
−0.03
0.04
0.20
0.04
−0.32
0.06
−0.13
−0.09

RCM
temp
1.5
1.8
1.7
1.7
2.4
2.0
1.8
1.9
tasx
1.2
1.9
1.8
1.6
2.0
2.1
1.7
1.8

QM
−0.1
−0.1
−0.1
−0.1
0.0
−0.2
−0.1
−0.3
0.1
0.0
0.0
0.0
0.0
−0.1
0.2
−0.2

RCM
pint
0.35
0.24
0.09
0.22
0.39
0.15
0.28
0.19
txn25
0.21
1.62
1.80
0.95
0.15
1.44
1.50
0.99

QM
−0.01
−0.06
0.00
−0.03
−0.07
−0.02
−0.11
−0.07
0.03
0.39
0.04
−0.09
0.13
−0.07
0.45
0.12

RCM
pn10
0.24
−0.16
−0.11
0.12
0.32
−0.12
−0.11
0.04
tnn20
0.01
1.64
0.78
0.35
0.02
0.76
1.74
0.81

QM
0.00
−0.04
0.01
−0.03
−0.08
−0.01
0.01
−0.06
−0.01
−0.71
−0.57
−0.28
−0.01
−0.32
−0.40
−0.60

The impact pattern features a north-south gradient from local increase in northern SC
to more widespread decreases in EA, AL, MD, and IP. The corresponding annual cycles
in IP, SC, and AL accord with these moderate changes of QM. Those impacts in single
months, such as in January in AL can be explained with the help of Figure 13 and similar
reasoning as for precipitation amount.
Figure 14 shows the respective results for pint, pn10, and px1d. Precipitation intensity
(pint) shows a rather homogeneous increase in the uncorrected simulation with large
areas ≥ +0.2 mm d−1 . In contrast, px1d and especially pn10 exhibit similar north-south
gradients as obtained for precipitation amount. In both cases, the positive signals in SC
and BI exceed the other subregional European CCSs by about 100 % (compare Table 4).
The impact of QM on the annual CCS of all precipitation related indices is scattered
and exceeds 50 % in rare cases on the subregional scale. QM modifies the annual cycles
stronger than the respective mean precipitation cycles, although the significances remain
unchanged. For example, the CCS of pint in IP in July is reduced by about 60 %, which
consequently alters the annual cycle by shifting the respective maximum to September.
Furthermore, in the case of pint and px1d in IP, QM increases the autumn CCS (up to
200 % of the uncorrected CCS), which converts single negative months to positive ones.
Figure 10, finally, presents uncorrected and corrected CCSs of temperature-related
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Figure 11: Annual bias characteristics of pint (top row), pn10 (middle row), and px1d (bottom
row). Left column: uncorrected model; right column: corrected model.
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Figure 12: The same as in Figure 11 but for tasx (top row), txn25 (middle row), and tnn20
(bottom row).
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extremes. Uncorrected tasx shows a similar CCS pattern as mean temperature but a
smaller areal average increase of +1.8 K. Uncorrected txn25 and tnn20, on the other
hand, feature a gradient of increasing summer days and tropical nights from north to
south, with no change northern of a certain latitude. The southern boundary of this
zero-change area is strongly related to the threshold values used in the calculation of the
indices. The subregional maximum changes amount to +1.8 days/month (days mon−1 ) (=
ˆ
21.6 days y−1 ) and +1.7 days mon−1 (=
ˆ 20.4 days y−1 ) for txn25 and tnn20, respectively
(compare Table 4).
The impact of QM on the annual CCS is not uniform between indices and regions.
The subregional impact of QM on tasx CCS is around 0.2 K or smaller, whereas QM
modifies the CCS of txn25 and tnn20 by up to 80 %.
While the uncorrected subregional annual cycles of the CCSs of tasx as well as the
impacts of QM are comparable to mean temperature, the annual cycles of txn25 and
tnn20 yield different results. In the case of txn25 strong impacts are visible for SC and
IP, while the scattered local impact cancels out in AL. In IP in August, the CCS is
more than doubled by QM and the maximum is shifted from spring to autumn. This
drastic reduction can mainly be related to the correction of a positive bias in maximum
temperature by QM (not shown). In combination with a positive trend in maximum
temperature, this bias reduction results in far stronger reduction of threshold exceedances
in the control than in the scenario period. In contrast, QM drastically reduces the
monthly CCSs of tnn20 for IP and AL up to about 60 % due to the same reasons as for
txn25. Concerning the changes in the significance of the CCSs for temperature extremes,
no systematic impacts are obtained.

4 Summary and Conclusions
This study evaluates the performance of an Empirical-Statistical Downscaling and Error
Correction Method (DECM), Quantile Mapping (QM), applied to a RCM climate
simulation over Europe regarding daily mean, minimum, and maximum temperature,
daily precipitation amount, and derived indices of extremes. In addition, two issues
related to the climate change context are discussed in more detail: A methodological
extension of QM which allows “new extremes” (values outside the calibration range) and
the impact of QM on the climate change signal (CCS).
In a decadal cross validation of a 40 years RCM (CCLM) control simulation, QM confirms its applicability to longer climate simulations and to several parameters, regardless
of spatially and temporally varying error characteristics. This regional transferability
strongly suggests a general transferability of QM to any regional climate model, which is
also underpinned by results from Déqué (2007) (applied to a variable resolution GCM),
Piani et al. (2010a), Bárdossy and Pegram (2011), Rojas et al. (2011), Themeßl et al.
(2011a), or Heinrich and Gobiet (2012).
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Figure 13: Seasonal PDFs of precipitation amount (first row) and of mean temperature (third row)
for the period 1971–2000 (dashed light grey) and 2021–2050 (black). The lower part of each
panel displays the differences between scenario and control period at different percentiles. The
second and fourth rows show the seasonal precipitation and temperature correction functions.
Correction terms are derived from differences at different percentiles between observed and
modeled ECDFs. The regional mean quantities corresponding to these percentiles are indicated
on the respective x-axes. Results are shown for subregion AL.
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Figure 14: Annual mean maps of the uncorrected monthly CCS (left column), the difference
between the uncorrected and the corrected CCS (middle column), and the respective annual
cycles of the CCS for three subregions. Top row: pint; middle row: pn10; bottom row: px1d. In
the lower part of the annual cycle plots change of significance is indicated with “o” (unchanged
significance), “−” (loss of significance after correction), and “+” (significance established after
correction).
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4 Summary and Conclusions
Quantitatively, we demonstrate that QM reduces biases of daily mean, minimum,
maximum temperature, and daily precipitation amount by roughly one order of magnitude.
In most cases, the remaining absolute biases are smaller or equal to 0.1 K for temperature
and smaller or equal to 0.1 mm d−1 for precipitation amount on the subregional scale.
For daily precipitation these results are obtained only after frequency adaptation, which
assures an adequate performance of QM in situations with more modeled than observed
dry days.
Concerning derived indices of extremes, QM shows comparable skill as for daily
temperature and precipitation. Particularly indices related to threshold values can
feature tremendous biases in uncorrected RCM data, which can be easily removed by
QM. Nevertheless, absolute extremes are more prone to biases after error correction than
mean parameters. The analyzed indices do not include parameters which are based on
temporal persistence characteristics such as maximum number of consecutive dry days.
Errors in the shapes of the daily temperature and precipitation PDFs are corrected
adequately at least within the ±2σ range around the mean (temperature) or up to the
99th quantile (precipitation). Regarding “new extremes”, it could be demonstrated that
by simple extrapolation of the correction terms QM successfully produces new extremes
without deterioration (and mostly with improvement) of the RCM quality.
Applied to future scenarios, this study shows that QM can moderately modify the
climate change signal (CCS) of the corrected parameters. These impacts can be explained
by the combination of two factors: magnitude-dependent error correction functions,
thus low and high quantities are corrected differently, and a trend in the underlying
data, thus uncorrected future periods feature a significantly changed PDF compared
to the respective baseline. Similar findings are reported by Hagemann et al. (2011).
Furthermore, CCSs of indices that are non-linearly derived from the corrected quantities,
such as threshold indices, can be strongly modified by QM. In particular, the altered
CCSs of derived threshold indices, such as the number of summer days or tropical nights,
are regarded as more reliable than the respective uncorrected CCSs. This is due to the
fact that in these cases the impact of QM is mainly related to a partly drastic reduction
of errors in the position of the PDF. Without correction, this error leads to a non-linear
overestimation of such indices.
However, in general the reliability of corrected scenarios strongly depends on the
source of the error in the RCMs and on the stationarity of the error correction functions.
Concerning the former, QM will likely increase the reliability in the constructed scenarios
if the error is related to the shape of the distribution, thus magnitude-dependent. In
contrast, errors in temporal characteristics stemming from an erroneous sequence of
circulation systems in the climate model are yet not improved by QM as e.g., a warm
day still remains warm after correction. However, QM either does not degrade such
temporal characteristics (e.g., Déqué 2007; Themeßl et al. 2011a). Furthermore, a study by
Srikanthan and Pegram (2009) shows that improvement of QM with regard to temporal
characteristics seems feasible.
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Concerning the issue of stationarity, it has to be noted that for the application of QM
to single decades errors are expected to be larger due to the yet not fully investigated
impact of decadal climate variability on the stationarity of DECMs. Studies such as
by Salathé (2005), who shows that a GCM correction calibrated on Pacific Decadal
Oscillation (PDO) warm phase performs equally well on cool PDO epochs, however
indicate a general stability in the correction process. In addition, it can be expected
that the stationarity restriction affects our application to a lesser extent than most other
statistical downscaling approaches, since in our application no considerable scale gaps
have to be bridged and since atmospheric parameters are directly mapped. By this
means, the effects of climate change are already represented in the predictor to a large
degree and the transfer function can be expected to be largely unaltered by climate
change within the calibration range. Given that, and the demonstrated skill of QM
within the calibration range and partly beyond, we are confident in the application of
QM to future scenarios. However, a consistent quantification of the limitations arising
from the stationary assumption remains an important issue for further research in our
field.
In application to climate change impact investigations it should be kept in mind that
QM, as applied here, post-processes each variable separately. As a consequence, the
physical consistence between variables and⁄or autocorrelation structure may be distorted,
which could lead to unexpected effects in the impact models (e.g., Boé et al. 2007).
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C

The Future of Dry and Wet Spells in Europe: A Comprehensive
Study Based on the ENSEMBLES Regional Climate Models

Abstract: Under the aspect of future climate change, it is important for decision
makers to know how drought conditions might change on a regional scale in order to
map out adequate adaptation and mitigation strategies. Recent Regional Climate Model
(RCM) simulations provided by the ENSEMBLES project are used to analyze changes in
dry and wet conditions in Europe by the mid of the 21st century under the A1B emission
scenario. Eight RCMs are selected to capture the uncertainties of the projected changes.
An empirical statistical error correction approach is applied to modeled daily mean air
temperature and precipitation amount to account for RCM errors, and commonly used
drought indices—the Standardized Precipitation Index (SPI), the Self Calibrated Palmer
Z-Index (SCZI) and Self Calibrated Palmer Drought Severity Index (SCPDSI)—are
calculated. Changes in the mean, in interannual variability, and in frequency, length,
distance, magnitude, and area of dry and wet events are investigated. The statistical
significance of the projected multi-model mean changes and the according uncertainties
are analyzed for nine European subregions. Furthermore, distributional changes of the
dry and wet spell characteristics are assessed.
Changes in the mean, and in dry and wet event characteristics show the most pronounced changes towards drier and wetter conditions in the southern- and northernmost
European subregions, respectively. Here, the changes are highly significant and confident,
while the projected changes are more dissonant for the other subregions. Severe changes
in the extremes of event length, distance, magnitude, and area particularly arise in the
southern- and northernmost European subregions. The projected changes in interannual
variability are less significant and confident. However, significantly increasing interannual
variability is projected in regions with pronounced changes in the mean towards wetter
as well as towards drier conditions.
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1 Introduction
Drought is a natural recurrent phenomenon which occurs on a variety of different
temporal and spatial scales and significantly affects natural and socio-economic systems.
Nowadays, a lot of effort is made to monitor and forecast drought events in order to
be able to intervene and mitigate drought impacts (e.g., Drought Management Centre
for Southeastern Europe (DMCSEE), European Drought Centre (EDC), U.S. National
Drought Mitigation Center (NDMC)). Furthermore, it is important for decision makers
to know how drought conditions might change in future, in order to map out adequate
adaptation and mitigation strategies.
The definition of drought is highly varied because of its strong dependency on time
and space and its variety of impacts. However, a widely accepted classification of drought
is: (1) Meteorological drought, (2) agricultural drought, (3) hydrological drought, and
(4) socio-economic drought (Wilhite and Glantz 1985; Hayes et al. 2011). Meteorological
drought is associated with a precipitation shortage. Dependent upon its duration,
meteorological drought can result in agricultural (related to soil moisture) or hydrological
drought (related to e.g., stream flow, ground water level, reservoir storage). Socioeconomic drought addresses the monetary effects of drought. Among the variety of
existing drought indices, the Standardized Precipitation Index (SPI) (McKee et al. 1993)
and the Palmer Drought Severity Index (PDSI) (Palmer 1965) are well-known and widely
used (Heim 2002; Keyantash and Dracup 2002; Hayes et al. 2011). The SPI is solely based
on precipitation while the PDSI additionally accounts for air temperature via potential
evapotranspiration.
Many studies investigated drought conditions of the past using the SPI and⁄or the
PDSI and found evidence of increasing drought risk in central, eastern, and southern
Europe during the last century (e.g., Szinell et al. 1998; Lloyd-Hughes and Saunders
2002; Bonaccorso et al. 2003; Dai et al. 2004; Briffa et al. 2009; Trnka et al. 2009). Future
drought projections can be derived from physical-based General Circulation Models
(GCMs) making assumptions about the future socio-economic development and the
associated Greenhouse Gas (GHG) emissions. Uncertainties in future climate projections
arise from the choice of the GHG emission scenario, GCM internal uncertainty (initial
condition uncertainty), and model formulation uncertainty (Collins 2007). In order to give
a reliable assessment of future drought conditions, these uncertainties have to be taken
into account. Therefore, an ensemble of different model projections is commonly used
which consists of multiple realizations from one model and⁄or multi-model projections.
For example, Giorgi (2006) used a set of 20 GCMs and calculated a climate index based
on changes in the mean and in interannual variability of air temperature and precipitation
for 26 land regions worldwide. He detected the Mediterranean and north-eastern parts of
Europe as most responsive regions to climate change by the end of the 21st century. The
high vulnerability of southern European regions to future drought regimes was underlined
by various other studies. For example, Burke and Brown (2008) calculated the SPI and
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PDSI based on a large ensemble of GCMs and found that the PDSI shows a higher
increase in the proportion of the global land surface in drought than the SPI for a double
CO2 climate. The most consistent increase in drought was detected in regions where
annual precipitation decreases as in the Mediterranean region. Sheffield and Wood (2008)
analyzed future changes in soil moisture using eight GCMs and showed that besides an
increase in the spatial extent of drought, drought frequencies are likely to increase by the
end of the 21st century for the Mediterranean region. Warren et al. (2009) calculated
the SPI using four GCMs and concluded robust increases in drought in Europe during
the 21st century. Lehner et al. (2006) investigated the impact of global climate change
on hydrological drought using two GCMs and found that northern and north-eastern
Europe are most prone to a rise in flood frequencies, while southern and south-eastern
Europe show significant increases in drought frequencies.
Current GCMs have a fairly coarse horizontal resolution (100 km to 200 km grid
spacing) and, therefore, are unable to reproduce small scale climate characteristics such
as orographic precipitation (e.g., McGregor 1997). In order to conduct climate simulations
with a finer horizontal resolution, which make it possible to resolve physical processes at
smaller scales, Regional Climate Models (RCMs) are nested within the GCM large scale
atmospheric circulation over a limited area (e.g., Giorgi and Mearns 1991; McGregor
1997; Giorgi and Mearns 1999; Wang et al. 2004). Drought can be considered a regional
phenomenon (e.g., Wilhite 1993) and its variability is likely to increase as one moves
towards more localized scales. Therefore, it can be expected that the use of RCMs
improves the regional representation of drought events as they have the potential to
better represent local climate variability and extremes (Rummukainen 2010). Although
some studies demonstrated a tendency towards drier (wetter) conditions in southern
(northern) Europe using RCMs (e.g., Beniston et al. 2007; Blenkinsop and Fowler 2007;
López-Moreno and Beniston 2009), according to the authors knowledge no comprehensive
RCM-based study exists so far which analyzes changes of dry and wet conditions for all
of Europe by means of commonly used drought indices.
The objective of this study is to provide comprehensive information on how dry and
wet spell characteristics might change by the mid of the 21st century in Europe. For
this purpose, we investigate and compare multiple commonly used drought indices and
drought characteristics. The SPI is calculated in order to analyze projected precipitation
changes of various time scales. Since the SPI does not account for future changes in
air temperature, we complement this study by computing the Self Calibrated Palmer
Z-Index (SCZI) and Self Calibrated Palmer Drought Severity Index (SCPDSI). The
uncertainties associated with these projections are regarded by analyzing an ensemble of
the newest available RCM simulations from the EU-FP6 integrated project ENSEMBLES
(http://ensembles-eu.org).
The content of this paper is structured as follows. Section 2 introduces the data
and the study region. Section 3 describes the drought indices which are analyzed with
respect to their changes in the mean, in interannual variability, and in dry and wet event
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Table 1: List of applied RCM simulations in this study.
Model No.
1
2
3
4
5
6
7
8

Institute

RCM

Driving GCM

Acronym

C4I
CNRM
ETHZ
HC
ICTP
KNMI
SMHI
UCLM

RCA3
ALADIN
CLM
HadRM3Q16
RegCM
RACMO
RCA
PROMES

HadCM3Q16
ARPEGE
HadCM3Q0
HadCM3Q16
ECHAM5-r3
ECHAM5-r3
BCM
HadCM3Q0

C4IRCA3
CNRM-RM4.5
ETHZ-CLM
METO-HC_HadRM3Q16
ICTP-REGCM3
KNMI-RACMO2
SMHIRCA
UCLM-PROMES

Simulation Period
1951–2099
1951–2050
1951–2099
1951–2100
1951–2100
1950–2100
1961–2100
1951–2050

characteristics in section Section 4. Section 5 summarizes the key findings of this study.

2 Data
2.1 RCM Selection
In the ENSEMBLES project a set of 21 high resolution RCM simulations with a horizontal
grid spacing of about 25 km and driven by eight different GCMs was produced (as at May
2010). Due to limited computational resources not all GCM-RCM combinations could be
realized. The subsampling mainly addressed uncertainty in boundary conditions (choice
of GCM) and RCM model formulation (van der Linden and Mitchell 2009). Since the
choice of the GHG emission scenario is less important until the mid of the 21st century
(Prein et al. 2011), only the A1B emission scenario (Nakicenovic et al. 2000) was used to
force the climate simulations.
Déqué et al. (2007, 2011) showed that both the choice of the GCM and RCM are major
sources of uncertainty. To avoid undersampling of uncertainty when using a subset of the
available RCM simulations produced within ENSEMBLES, it is proposed to use at least
two or more RCMs that are forced by at least two GCMs (van der Linden and Mitchell
2009). For this study, a subset of eight RCM simulations driven by five different GCMs
is selected (see Table 1). Until now, most studies have randomly selected a subset of
RCM or GCM simulations from the entire ensemble. This potentially leads to sampling
errors and, therefore, to the risk of introducing systematic over- or underestimation of
uncertainty. To avoid this problem, the RCM selection in this study is based on seasonal
Climate Change Signals (CCSs) for air temperature (2 m above ground) and precipitation
amount between 1961–1990 (baseline period) and 2021–2050 (future period) over Europe.
For this purpose, only simulations which cover all of Europe are analyzed (19 simulations).
The basic idea was to choose two models of each quadrant spanned by the multi-model
averages of air temperature and precipitation, in order to appropriately represent the
point cloud of Figure 1. Therefore, four cases are considered comprising warmer⁄drier,
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Figure 1: Scatter diagrams of the projected seasonal mean changes between 1961 and 1990, and
2021 and 2050 in air temperature and precipitation over Europe for the ENSEMBLES RCMs
(as at May 2010). Precipitation changes are relative with respect to the baseline period. Dashed
lines display the multi-model mean changes, and black shaded symbols labeled with numbers
indicate the selected models (see Table 1).

warmer⁄wetter, colder⁄drier, and colder⁄wetter conditions than the ensemble mean of
all 19 simulations.
From Figure 1 it can be seen that the two models ETHZ-CLM (model no. 3) and METOHC_HadCM3Q16 (model no. 4) show higher air temperature and lower precipitation
changes than the multi-model mean in Summer (JJA) and Spring (MAM). On the
contrary, C4IRCA3 (model no. 1) and UCLM-PROMES (model no. 8) exhibit higher air
temperature and precipitation changes. The two models KNMI-RACMO2 (model no. 6)
and CNRM-RM4.5 (model no. 2) are selected to cover the case of colder⁄drier conditions,
and on the other hand, ICTP-REGCM3 (model no. 5) and SMHIRCA (model no. 7) are
selected to represent colder⁄wetter conditions than the multi-model mean.
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Figure 2: The nine subregions studied: Iberian Peninsula (IP), Mediterranean (MD), France (FR),
Middle Europe (ME), Alpine Region (AL), Eastern Europe (EA), British Isles (BI), Iceland
(IL), and Scandinavia (SC).

2.2 Observational Data and RCM Error Correction
Although RCMs have considerable advantage over GCMs in reproducing regional climate
features, they are also known to feature substantial model errors (e.g., Frei et al. 2003;
Hagemann et al. 2004; Suklitsch et al. 2008, 2010) which affect the assessment of climate
change impacts. In order to correct the error characteristics of the RCM simulations, a
quantile based error correction approach (Quantile Mapping (QM)) is applied on a daily
basis to mean air temperature and precipitation amount for each of the eight RCMs
separately (e.g., Dobler and Ahrens 2008; Piani et al. 2010a). The error correction method
is selected according to Themeßl et al. (2011a), who showed the superior performance of
QM compared to six other error correction approaches for daily precipitation over the
Alpine region. QM aims at adjusting the Empirical Cumulative Distribution Functions
(ECDFs) of modeled to observed data and, therefore, accounts for errors in the shape of
the modeled distribution under the assumption that the observed data is free of errors.
For this study, QM is based on daily and point-wise derived ECDFs of the baseline
period and the RCM output is bi-linearly interpolated to the grid of the observational
dataset. For each day of the year a 31 day moving window, centered at the focus day,
is used for construction of the ECDFs. In contrast to Themeßl et al. (2011a), who
used the re-analysis driven hindcast simulation, here QM is based on the ECDF of the
GCM-driven control simulation and, therefore, accounts for the combined GCM-RCM
error. Furthermore, the method is not restricted to historical extremes of the baseline
period since the actual model value is corrected by the difference between modeled and
observed value of the corresponding quantile instead of pure empirical mapping.
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The observational basis for the error correction is the 0.22° rotated version of the
gridded E-OBS-v1.0 Dataset (E-OBSv1.0). E-OBSv1.0 comprises daily gridded mean,
minimum, and maximum surface air temperature and precipitation amount for entire
Europe on four spatial resolutions covering the period 1950–2006 (Haylock et al. 2008).
Hofstra et al. (2009) analyzed the error characteristics of E-OBSv1.0 compared to other
gridded datasets which have been developed with much higher station density for smaller
parts of Europe. They found a negative bias for precipitation and a slight positive
bias for air temperature, whereas the correlation is excellent. Apart from the fact that
E-OBSv1.0 provides the first high resolution gridded dataset product of daily climate
over Europe, the usage of E-OBSv1.0 within this study has two additional advantages:
(1) It provides best estimates of grid-box averages rather than point values and, therefore,
allows direct comparison with RCM output. (2) The grid of the 0.22° rotated version
of the E-OBSv1.0 dataset is defined according to the grids of the RCMs and, therefore,
interpolation errors are potentially reduced.

2.3 Study Regions
The focus of this study is on nine European subregions displayed in Figure 2, according
to the studies conducted within PRUDENCE and ENSEMBLES (Christensen and
Christensen 2007). Figure 3 depicts the subregional mean annual cycle of air temperature
and precipitation in the baseline period, showing the observations, as well as the range
of the error corrected RCM results. The graphical representation follows the climate
diagram system of Walter and Lieth (Walter and Lieth 1967), which indicates arid
(humid) months if the air temperature line is above (beneath) the precipitation line. First,
it can be seen that the error correction method performs well in adjusting the simulated
monthly mean values to the observational data. The eight RCMs indicate deviations
from the observed climatological monthly mean values ranging from −12.0 % to +10.9 %
for precipitation. Air temperature indicates a range between −0.5 K to +0.9 K, and
thus the deviations are not visible in Figure 3 due to the scale of the ordinate. Second,
Figure 3 highlights the diversity of subregional climate characteristics in Europe which
are mainly dependent upon latitude, distance from sea, and local influences such as
orography. The southern European regions Iberian Peninsula (IP) and Mediterranean
(MD) show arid climate features during JJA. France (FR) and Middle Europe (ME)
mark the transition from maritime towards continental climate. Eastern Europe (EA)
shows a highly pronounced humid continental climate with large differences between
JJA and Winter (DJF) air temperature and a maximum of precipitation amount during
JJA. The Alpine Region (AL) is locally influenced by the Alpine crest and exhibits a
pronounced humid climate with high precipitation amounts over the entire year. The
northern subregions British Isles (BI) and Iceland (IL) have humid maritime climate
characteristics with a precipitation minimum (maximum) in JJA (DJF) and relatively
low annual variability of air temperature. Scandinavia (SC) has both maritime and
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Figure 3: Walter-Lieth climate diagrams of the nine subregions for the baseline period. The
solid line depicts the regional mean of the observational E-OBS dataset and the shaded areas
represent the range of the error corrected RCMs. Red and blue colors display air temperature
and precipitation, respectively.

continental influences, and for the subregional mean, a humid climate with low DJF air
temperature and less precipitation in the first half of the year is observed.

2.4 Soil Data
The calculation of the SCPDSI requires the knowledge of potential soil moisture storage
capacity. This data has been obtained from the Food and Agriculture Organization (FAO)
digital soil map of the world (FAO 2003) which is commonly used for the calculation
of the PDSI (e.g., van der Schrier et al. 2007; Briffa et al. 2009). The dataset has a
horizontal resolution of 50 and comprises for each grid cell the dominant (60 %) and
associated (40 %) Water Holding Capacity (WHC) of nine classes. For further use,
the weighted mean of the two different classes for each grid cell is calculated, and no
WHC is attributed if the dominant WHC is not available. The data is then bi-linearly
interpolated to the common E-OBSv1.0 grid.
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Table 2: Classification of the SPI.
SPI

Class

≤ 2.00
1.50 to 1.99
1.00 to 1.49
−0.99 to 0.99
−1.00 to −1.49
−1.50 to −1.99
≤ −2.00

Extremely Wet
Very Wet
Moderately Wet
Near Normal
Moderately Dry
Severely Dry
Extremely Dry

3 Methods
3.1 Calculation of the SPI
McKee et al. (1993) introduced the SPI as a versatile tool in drought monitoring and
analysis which only requires precipitation as input and can be calculated for a variety of
time scales. Short-term SPIs showed their ability for monitoring agricultural droughts
(e.g., Ji and Peters 2003; Labedzki 2007), while longer-term SPIs indicate hydrological
drought events (e.g., Bussay et al. 1999; Szalai and Szinell 2000; Seiler et al. 2002).
In the first step of the monthly SPI calculation procedure for different time scales i,
the precipitation amount of the actual and the preceding i − 1 months is summed up as
a running total (PRi ). In a second step, the parameters of the two-parameter Gamma
distribution are estimated for the precipitation amounts of each of the 12 months of a
year using maximum-likelihood approximations (e.g., Lloyd-Hughes and Saunders 2002;
Wu et al. 2005; Dubrovsky et al. 2009). The estimated distribution parameters are then
used to calculate the monthly SPIi following
SPIi = f −1 (g(PRi )),

(1)

where g denotes the cumulative probability of the Gamma distribution for PRi and f −1
is the inverse cumulative standard normal distribution which is approximated following
Abramowitz and Bordi (1965). According to Equation 1, each monthly PRi is transformed
to a value of the standard normal distribution and, therefore, represents the deviation
from the mean in units of standard deviations. The SPIs analyzed in this study are
calculated by averaging the monthly SPIs over the corresponding months. For example,
the SPI3 for the DJF season is computed as the mean of the monthly SPI3 over December,
January, and February.
The main advantages of the SPI are its clarity and flexibility. Disadvantages encompass
the need of long time series and, as applied here, the assumption that the Gamma
distribution properly describes the data (Hayes et al. 1999). McKee et al. (1993) suggest
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Table 3: Goodness-of-fit of the two-parameter Gamma distribution. The values indicate the
percentage of months passing the Lilliefors test at the 10 % significance level with respect to
all RCMs, months of a year, and grid points within a subregion.
Subregion

SPI3

SPI6

SPI9

SPI12

SPI18

SPI24

IP
MD
FR
ME
AL
EA
BI
IL
SC
ALL

95.4
94.9
94.2
94.2
94.1
94.5
95.1
94.0
94.5
94.6

95.2
94.9
94.9
95.0
94.4
94.2
94.3
92.6
94.9
94.6

94.8
94.8
95.1
95.0
94.8
93.9
94.3
94.3
95.0
94.6

93.5
95.0
95.1
95.4
95.1
93.7
94.8
95.1
95.3
94.6

93.4
94.2
93.4
93.5
93.8
93.9
90.4
95.4
94.9
93.8

92.0
92.9
87.1
84.4
86.1
91.6
73.0
93.9
90.6
89.3

using a continuous period of at least 30 years to fit the distribution. The SPI was
originally designed to express drought severity with respect to a given location and period.
Since the SPI is a normalized measure relative to a specific location and period, the
frequency of different SPI-classes (Table 2) is climatologically consistent for any site.
Therefore, it is not possible to use the original SPI for comparison between different
periods which is required to assess the impact of climate change. To overcome this
shortcoming, Dubrovsky et al. (2009) introduced the concept of relative drought indices.
In order to calculate the relative SPI, the parameters of the Gamma distribution are
first estimated for a calibration period. For the purpose of statistical robustness, we
use all available years of the RCM simulations up to the year 2000 for calibration (see
Table 1). Future drought conditions are then expressed in terms of the present-day
climate by computing the SPI for future precipitation amounts with respect to the
Gamma distribution of the calibration period. Therefore, no distributional assumptions
for the future period are made. In order to assess the projected changes between baseline
and future period, the respective relative SPIs are compared.
The significance of the SPI calculation procedure is evaluated by assessing the goodness
of fit of the Cumulative Gamma Distribution Function (CDF). Here, the Lilliefors test
is used which is a modified version of the Kolmogorov-Smirnov test to account for the
situation where the distribution parameters are derived by the same data as used in the
test (Crutcher 1975; Wilks 2005). The test statistic is defined as the largest absolute
difference between empirical and fitted CDFs and the critical values are obtained from
Crutcher (1975). Since the critical values are only listed for a few estimated shape
parameters of the Gamma distribution, linear interpolation between the specified values
is applied. Under the null hypothesis that the theoretical CDF describes the observed
data, a significance level (α) of 10 % is chosen. The Lilliefors test is calculated for different
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PRi (i = 3, 6, 9, 12, 18, 24 months) of the calibration period and for each month of a
year, grid point, and RCM separately. Table 3 lists the percentage of months passing
the test at the 10 % significance level with respect to all models, months of a year, and
grid points within a subregion. The results suggest that the Gamma distribution is a
proper theoretical model for PR3 to PR18 with more than 90 % passing the test. For
PR24, the values drop below 90 %, and even below 80 % in the case of BI. This finding is
consistent with Guttman (1999) who already stated that the calculation of the SPI with
time scales longer than 24 months is problematic due to smaller independent sample sizes.
In consideration of this finding and to account for different drought time scales, the SPI3,
SPI12, and SPI18 are further analyzed. Lloyd-Hughes and Saunders (2002) provide an
analysis of correlations between different SPIs of various time-scales over Europe. The
study reveals that the SPI3 explains 29.2 % of the variance in SPI12 and only 16.8 % of
the variance in SPI18, while the SPI12 explains 72.2 % of the variance in SPI18.

3.2 Calculation of the SCPDSI
The PDSI opposes atmospheric water supply to soil water demand using a rather simple
Soil-Water Balance Model (SWBM). The calculation procedure of the PDSI is well
documented (e.g., Alley 1965; Palmer 1965; Weber and Nkemdirim 1998) and is only
briefly discussed here. However, some specific details with relevance to our study are
described in more detail.
Basically, the PDSI calculation procedure can be split into two parts. First, the
monthly soil water balance is calculated with the assumption that the upper soil layer
can hold 25.4 mm (one inch) and the underlying (WHC − 25.4) mm of water. Monthly
Potential Evapotranspiration (PET) is estimated by monthly mean air temperature
following Thornthwaite (1948) and two cases are considered: (1) If precipitation exceeds
PET, the surplus is first added to the top layer and then to the bottom layer, and if
both layers are saturated, runoff occurs. (2) If precipitation is less than PET, water is
extracted from the soil until PET is satisfied or the soil is empty, again starting with
the top layer from which water is more easily removed. Since the original version of the
SWBM does not account for snow accumulation and snow melt, the calculation of the
PDSI during DJF and MAM in cold regions is problematic (Alley 1965). To account
for this deficiency, a simple snow accumulation and snow melt model is coupled to the
SWBM following van der Schrier et al. (2007). In contrast to van der Schrier et al.
(2007), the standard deviation of daily air temperature is derived for each month and
grid point separately. In order to avoid problems associated with the spin-up of the soil
water balance, the first 24 months of the SWBM computations are neglected. Palmer
(1965) used the long-term output of the SWBM to calculate the Climatically Appropriate
For Existing Conditions (CAFEC) precipitation by summing up the potential values
of a certain month scaled by the ratio of long-term monthly mean actual to potential
values. The Palmer Moisture Anomaly Index (ZI) is then the difference between monthly
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Table 4: Classification of the PDSI and SCPDSI.
(SC)PDSI

Class

≥ 4.00
3.00 to 3.99
2.00 to 2.99
1.00 to 1.99
0.50 to 0.99
0.49 to −0.49
−0.50 to −0.99
−1.00 to −1.99
−2.00 to −2.99
−3.00 to −3.99
≤ −4.00

Extremely Wet
Very Wet
Moderately Wet
Slightly Wet
Incipient Wet Spell
Near Normal
Incipient Drought
Mild Drought
Moderate Drought
Severe Drought
Extreme Drought

precipitation and CAFEC-precipitation, weighted by an empirical derived normalization
factor (the climate characteristic) which accounts for local climate features. Therefore,
the ZI measures the deviation from climatically normal soil moisture conditions for the
current month without regarding conditions of preceding months.
In the second part of the PDSI calculation, the classified PDSI values are derived
(Table 4). Palmer (1965) used the following formula to compute the preliminary PDSI:
Xt = 0.897 · Xi−1 +

1
· ZIi ,
3

(2)

where i denotes the actual month. Palmer (1965) derived the two empirical factors of
the equation (the duration factors) by drawing a straight line to the lowest ZI values
accumulated over different lengths of time, aiming at representing most extreme dry
periods of various lengths. To determine the beginning and ending of dry and wet spells,
the weighting procedure proposed by Heddinghaus and Sabol (1991) is applied.
The transferability of the original Palmer indices to other climatic regions is restricted
since the empirical constants are derived from only a few locations in North America
(Alley 1965). In order to take account for these limitations, Wells et al. (2004) introduced
the SCPDSI. The SCPDSI dynamically replaces the empirical constants of Palmer
(1965) by values based on local climate conditions and, therefore, enhances the spatial
comparability (Wells et al. 2004). The modifications encompass the redefinition of the
climate characteristic and the calculation of the duration factors. Consequently, the self
calibrated Palmer Z-Index (SCZI) and the SCPDSI can be computed. In contrast to
Palmer (1965), the duration factors for dry (wet) spells are calculated for each location
separately by fitting straight lines to the lowest (highest) ZI values accumulated over
various period lengths. For this purpose, Wells et al. (2004) present a general form of
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Table 5: Coefficient of determination (R2 ) between accumulated ZI values and time for various
period lengths, averaged over all RCMs and grid points within a subregion.

Subregion
IP
MD
FR
ME
AL
EA
BI
IL
SC
ALL

Lowest accumulated ZI values

Highest accumulated ZI values

Period length [months]
12
24
48

Period length [months]
12
24
48

94.1
95.2
93.0
92.6
93.0
95.4
92.5
91.4
88.7
92.9

91.0
89.1
88.6
88.2
87.7
91.0
89.5
88.8
87.2
89.0

Equation 2:
Xt = (1 −

84.8
86.7
79.5
78.9
80.6
82.6
80.3
82.4
83.3
82.7

89.3
89.9
90.6
89.3
85.7
91.0
87.8
83.0
86.3
88.8

m
ZIt
) · Xt−1 ± 4 ·
,
m+b
m+b

87.2
87.4
89.7
89.9
86.0
90.1
90.2
83.4
85.7
88.0

78.4
83.2
80.9
85.1
79.3
86.0
85.8
78.8
82.5
82.8

(3)

where i denotes the actual month, m the slope and b the intercept of the fitted straight
lines. Depending on whether dealing with a dry or wet spell, the corresponding fit
parameters are then applied to Equation 3.
Furthermore, for climate change assessment the concept of relative indices must be
applied to the SCPDSI for the same reasons as for the SPI by calibrating the index in the
past (for details see Dubrovsky et al. (2009)). After calibration, the SCZI and SCPDSI
are calculated transiently up to 2050 and climate change is assessed by comparing the
indices between future and baseline period.
Wells et al. (2004) already noted that the accumulated ZI values over various period
lengths are better represented by a non-linear function. The left panel of Figure 4 depicts,
as an example, the non-linear dependency of the lowest accumulated ZI values of the
calibration period on different period lengths. Although Figure 4 only illustrates model no.
6 and the lowest accumulated ZI values, a similar non-linear behavior is also obtained for
all other models and for the highest accumulated ZI values (not shown). The non-linearity
can be explained by the fact that ZI values with the opposite sign affect the aggregation
for longer period lengths, which consequently results in a transition towards flatter slopes.
The right panel of Figure 4 shows the effect of using different period lengths to fit the
straight lines on the SCPDSI. It can be seen that notable differences between the SCPDSI
values for short and long fitting periods are obtained. Referring to the left panel of
Figure 4, this can be related to the non-linear behavior of the accumulated ZI values,
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Figure 4: Left panel: Subregional mean of the lowest accumulated ZI values in the calibration
period for different period lengths (1–48 months in monthly steps). Right panel: The effect of
using different fitting periods (12–48 months in 6 monthly steps) on the mean SCPDSI in the
future period. Both panels show model no. 6. See text for details.

where shorter period lengths tend to have steeper slopes and smaller intercepts than
longer period lengths. According to the autoregressive form of Equation 3, the combined
effect is typically that shorter fitting periods result in higher weights for the actual ZI
value and in lower weights for the previous months. To account for this non-linearity,
Wells et al. (2004) proposed to examine the correlation between accumulated ZI values
and time before performing the linear regression. Table 5 summarizes the coefficient of
determination (R2 ) between accumulated ZI values of the calibration period and time
for various period lengths, averaged over all RCMs and grid points within a subregion.
Generally, shorter periods show higher R2 values. Since Palmer (1965) clearly put more
weight on representing shorter periods, an initial period length of 24 months is used to
derive the fit parameters. Following Wells et al. (2004), the last month is repeatedly
omitted until a threshold of 0.9 for the correlation coefficient is obtained. In case that
the threshold is not achieved until a lower bound of seven months, the SCPDSI is not
calculated in order to avoid instability.
Vicente-Serrano et al. (2010) comprehensively analyzed correlations between the SPI
and the SCPDSI for 11 observational stations worldwide. They found a strong agreement
between the SCPDSI and the SPI, with maximum values between 0.60 and 0.85 at time
scales between 5 and 24 months which is in agreement with previous studies. Furthermore,
they analyzed correlations between the SCPDSI and SPI under a 2 K and 4 K temperature
increase and found markedly decreasing correlations since the SPI does not account for
the role of air temperature.
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3.3 Dry and Wet Event Characteristics
Dry and wet events are defined according to the classification of the two drought indices
(Table 2 and Table 4), where index values of +1.00 (−1.00) mark the transition from
normal to wet (dry) conditions. Following McKee et al. (1993), the temporal sequence
of the drought indices is used to specify dry events as periods where the drought index
values are continuously negative and the minimum of the index values during these
periods falls below −1.00 or less. Wet events are defined analogous, but with positive
drought index values and a threshold of +1.00. Changes between baseline and future
period in dry and wet event frequency (number of event occurrences), length (number
of months during events), distance (number of months between two events), magnitude
(sum over the drought indices during events), and area (percentage of grid points affected
by events) are further analyzed.

3.4 Statistical Significance and Uncertainty
The statistical significance of the multi-model mean change between baseline and future
period is calculated by applying the t-test to the subregional mean values of the eight
models which are seasonally averaged over two 30 year periods. Since all RCMs are forced
towards the observed mean values of the baseline period through model error correction,
the independent one-sample t-test is used for air temperature and precipitation. Here,
the null hypothesis is tested if the distribution across all models in the future period has
the same mean as the average over the error corrected models in the baseline period.
In contrast, the drought indices show pronounced variation of the mean values since
calibration and baseline period are not identical. Therefore, the two sided t-test for
paired samples is used to assess the significance of the multi-model mean change, under
the null hypothesis that the distributions of future and baseline values across all models
have the same mean. The application of the t-test assumes independent and identically
distributed samples which are normally distributed. The assumption of normality in
our study is justified by the central limit theorem since multiple averaged quantities are
applied. Furthermore, we detected no substantial deviations from normal distribution
applying the Shapiro-Wilk test.
In order to test the statistical significance of the changes in interannual variability
between baseline and future period, components of variation due to spatial variability
are excluded by using subregional averaged time series of each model. An unbiased
comparison of interannual variability between baseline and future period is achieved
by removing a linear trend from the seasonal mean values of both periods (Räisänen
2002). As a measure for interannual variability, the mean of the squared deviations of
the seasonal values from the linear fit (i.e., the mean-squared error) is further used
and the projected changes are calculated as ratios between future and baseline meansquared errors. The pooled residuals of the eight models are used to assess the statistical
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significance of the seasonal changes in interannual variability between baseline and future
period. The pooled residuals partly show severe deviations from normality and, therefore,
the Fligner-Killeen test is applied which proofed to be most robust against non-normally
distributed data (Conover et al. 1981). Significance levels lower than 1 %, 1 % to 5 %, 5 %
to 10 %, and greater 10 % are termed as highly significant, significant, weakly significant
and insignificant, respectively.
Uncertainties of the projected changes are quantified by two different measures. First,
the intermodel standard deviation is calculated. With the information of the multimodel mean change, probabilities of the projected changes can be derived. According
to the normal distribution, about 68 % of the climate change signals lie within ±1
standard deviation while already about 95 % lie within ±2 standard deviations. Second,
the percentage of models which coincide in the sign of change is calculated as a nonparametric uncertainty measure. Applying the confidence terminology of the IPCC
Fourth Assessment Report (AR4) (IPCC 2007b), very high confidence, high confidence,
and medium confidence are reached if at least 90 % (in our study all 8 models), at
least 80 % (six models), and at least 50 % (four models) coincide in the sign of change,
respectively.

4 Results and Discussion
4.1 Changes in the Mean, their Significance and Uncertainty
For air temperature, Figure 5 displays maps of the error corrected seasonal multi-model
mean change between baseline (1961–1990) and future (2021–2050) period over Europe.
Air temperature changes are positive in all seasons, and the most responsive regions are
the north-eastern parts of Europe in DJF and southern Europe in JJA. The centered
values in each box of Figure 9 indicate the seasonal multi-model mean changes of the
nine subregions. The magnitude of the change is lowest for IL in JJA with +1.04 K while
the most sensitive regions (SC in DJF and MD in JJA) show a warming of +2.43 K. The
brightness of the colors of Figure 9 represents the level of significance of the t-test. It can
be seen that highly significant shifts towards increasing air temperature are obtained for
all seasons and subregions. Concerning the uncertainty of the changes, all models agree
in increasing air temperature (lower left values in each box of Figure 9) and, therefore,
very high confidence can be attributed to the changes for all seasons and subregions. The
intermodel standard deviation (lower right values in each box of Figure 9) is a factor
two to three (even more for some cases) smaller than the multi-model mean change,
underpinning high confidence of the projected changes.
For precipitation and the SPI3, maps of the seasonal changes over Europe are shown in
Figure 6 and Figure 7, respectively. Both changes clearly indicate a gradient from drier
conditions in southern to wetter conditions in northern Europe, showing a northward
shift of areas with reduced precipitation from DJF to JJA. Figure 9 lists the seasonal
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Figure 5: Multi-model mean change between 1961–1990 and 2021–2050 of the error corrected
RCMs for seasonal mean air temperature for (a) DJF, (b) MAM, (c) JJA, and (d) SON.

Figure 6: Same as Figure 5 but for precipitation.
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Figure 7: Same as Figure 5 but for the SPI3.

changes of precipitation and all calculated SPIs on subregional basis. The largest changes
towards drier and wetter conditions are obtained for the southernmost (IP and MD)
and northernmost (IL and SC) subregions, respectively. For precipitation, the most
pronounced changes are found for IP in JJA and for SC in DJF with −17.2 % and
+14.6 %, respectively. For the SPIs, the changes are expressed in terms of standard
deviations and are mostly smaller (larger) than −0.5 (+0.5) for IP and MD (IL and
SC). Most subregions show larger changes for SPI12 and SPI18 than for SPI3, which
are accompanied by lower interseasonal variation. Both precipitation and the SPIs
indicate highly significant changes for the southern- and northernmost subregions in most
seasons. For FR, significant changes towards drier conditions are found in MAM and
JJA for precipitation and SPI3. ME, EA, and BI show significant to highly significant
changes towards wetter conditions for all SPIs in DJF and MAM. In JJA and Autumn
(SON), significant changes are mainly obtained for the long-term SPIs (SPI12 and SPI18).
Concerning the uncertainty of the changes, quite a similar spatial pattern is found with
high to very high confidence in the sign of change for the southern- and northernmost
subregions. For FR and AL, only medium confidence is obtained in most seasons, while
ME, EA, and BI mainly show high confidence of the changes.
For the SCPDSI, maps of the seasonal changes over Europe are illustrated in Figure 8.
The missing values in the northern part of Europe are predominantly due to missing
values of required soil moisture storage capacity. The SCPDSI shows again a strong
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Figure 8: Same as Figure 5 but for the SCPDSI. White areas represent missing values due to
missing soil data or infeasibility of the SCPDSI calculation procedure (see text for details).

gradient of the projected changes from pronounced drier conditions in southern to wetter
conditions in northern European regions in all seasons. Generally low interseasonal
variation is observed. Figure 9 summarizes the seasonal changes for the SCZI and the
SCPDSI on subregional basis. The most pronounced changes for both indices are again
observed for the southern- and northernmost subregions with a shift towards drier and
wetter conditions in most seasons, respectively. The maximum changes of the SCPDSI are
observed in JJA (MAM) for IP and MD (IL and SC), indicating a shift in the order of two
SCPDSI units. The SCZI shows the most pronounced shifts towards wetter conditions
in SON (DJF) for IL (SC). In contrast to the other indices, negative SCZI values are
obtained for all subregions in JJA. Highly significant changes for both indices are obtained
for southern (IP, MD, and FR) and northern (IL and SC) Europe in most seasons. For
regions in between, the level of significance is seasonal varying and mostly indicates lower
significant changes than in southern and northern Europe. Concerning the uncertainty
of the changes, high to very high confidence in the sign of change can be attributed
to the changes of IP, MD, FR, IL, and SC in most seasons. The remaining subregions
mostly show lower confidence in the sign of change, which is in good accordance with the
findings for the significance level.
The spatial differences of air temperature in DJF can be largely explained by the
modest warming of the ocean influencing the maritime climate of western Europe in
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combination with altered snow-albedo feedback mechanisms in northern and eastern
Europe (Rowell 2005). The high JJA temperatures in the south can be related to an
earlier and more rapid reduction of soil moisture in MAM (e.g., Wetherald and Manabe
1995; Gregory et al. 1997). The obtained spatial pattern of the precipitation changes is
common to climate simulations and identified as the European Climate Change Oscillation
(ECO) which can be related to a seasonal dependent northward shift of the mid-latitude
storm track (Giorgi and Coppola 2007). Differences between the changes of precipitation
and the different SPIs highlight the importance of investigating different time scales
of precipitation amounts. The low interseasonal variation of the mean SCPDSI can be
explained by the autoregressive form of the index and hence by the memory on soil
moisture conditions of preceding months. Areas which are affected by a drying tendency
according to the SCPDSI have a larger northward extent compared to precipitation and
the SPI3. This can be related to a drier soil as a result of increasing air temperature. Even
though for some regions wetter JJA and SON conditions are observed for precipitation and
the SPIs, increasing air temperature causes drier soil moisture conditions and, therefore,
negative SCZI values (e.g., ME, EA, and BI). In DJF, large positive SCZI values are
obtained in regions with low precipitation increases (e.g., AL and IL), indicating that
additional moisture is added to the soil with respect to the baseline period which can be
related to the effect of lower snow accumulation and higher snow melt due to increasing
air temperature. Since both drought indices are approximately centered at zero in the
baseline period, changes in the mean can be linked to shifts in the classification of the two
indices (see Table 2 and Table 4). Especially the SCPDSI indicates pronounced changes
with a shift towards “mild⁄moderate drought” (“slightly⁄moderately wet”) conditions
for southern (northern) European regions with respect to the present-day climate.

4.2 Changes in Interannual Variability, their Significance and
Uncertainty
Figure 10 summarizes the seasonal changes in interannual variability, their statistical
significance and uncertainty for the nine subregions.
For air temperature, increasing interannual variability is obtained for the southern
and south-eastern European subregions IP, MD, and EA in all seasons. The strongest
increase is obtained for IP in SON with +50.5 %. Seasonally, also decreasing variability
is projected, most pronounced in DJF, and for BI and IL with −24.3 % to −35.1 %. The
brightness of the colors of Figure 10 represents the level of significance of the FlignerKilleen test. Significant changes are observed for only a small proportion and are in good
accordance with the most pronounced changes in magnitude. Concerning the uncertainty
of the changes, high confidence in the sign of change (lower right values in each box of
Figure 10) is mainly obtained in DJF and MAM for regions where interannual variability
decreases (FR, BI, and IL).
For precipitation and the SPIs, mainly increasing interannual variability is obtained,
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Figure 9: Seasonal changes in the mean between 1961–1990 and 2021–2050. The brightness of the
colors represents the level of significance of the t-test. Red (blue) colors illustrate drier (wetter)
conditions in the future period. Multi-model mean change is given in the upper center of each
box. Intermodel standard deviation and percentage of models which coincide with the sign of
the multi-model mean change are given in the lower left and right of each box, respectively.

except for IL and partially for BI. The largest increases are found for SPI3 in MAM
with +76.9 % and +72.3 % for IP and FR, respectively. Interestingly, subregions with
the most pronounced decreases in the mean for precipitation and the SPIs (IP and MD)
show increasing interannual variability. IL shows the most pronounced decreases for
SPI12 and SPI18 with a magnitude in the order of −20 % to −30 %. In some regions
and seasons, opposite signs of the changes for the different SPIs are obtained (e.g., BI in
MAM). Significant changes are mainly obtained for IP and SC with increasing, and for
IL with decreasing interannual variability. However, different SPIs often feature different
levels of significance, e.g., for IP, BI, and IL mostly higher significance levels for the
SPI12 and SPI18 are obtained. Concerning the uncertainty, the intermodel standard
deviation is in most cases clearly larger than the multi-model mean change. This is in
line with the number of models which show the same sign of change, indicating that only
about 40 % indicate high confidence of the changes.

125

C The Future of Dry and Wet Spells in Europe
For the SCZI and SCPDSI, increasing interannual variability is obtained for most
subregions and seasons. The largest increases for the SCZI (SCPDSI) are found for
AL in DJF (EA in JJA) with +99.1 % (+53.1 %). IL again represents an exception
with pronounced decreases in DJF and MAM for the SCPDSI with −37.6 % and −31.0
%, respectively. Weakly to highly significant changes of both indices towards higher
interannual variability are observed for IP (SC) in DJF and MAM (DJF and SON). IL
shows high significance for the decreasing variability of the SCPDSI. Generally, large
uncertainties in the magnitude and in the sign of the changes are obtained.
The findings are consistent with previous studies (e.g., Räisänen 2002; Rowell 2005;
Giorgi and Coppola 2007) where the decreasing temperature variability in DJF in cold
regions is attributed to dampened snow-albedo feedback mechanisms due to reduced snow
cover. Increases in JJA temperature variability can be partly attributed to amplified
soil moisture-temperature feedbacks for drier soil conditions (Giorgi and Coppola 2007).
The increasing interannual variability of precipitation can be related to a more intense
hydrological cycle and amplified soil moisture-precipitation feedbacks (Giorgi and Coppola
2007). Generally, the observed patterns are more pronounced by the end of the 21st
century (Giorgi and Coppola 2007). Significantly increased interannual variability is
projected in regions with pronounced changes in the mean towards wetter (SC) as well as
towards drier (IP) conditions. Changes in interannual variability vary substantially among
models, indicating generally less confident climate change signals than those obtained
for the changes in the mean. The importance of investigating different time scales
of precipitation amounts is highlighted in various regions. For some cases, significant
changes are obtained although the models reveal low concordance in the sign of change,
indicating substantial differences between the individual models in the projected changes
of interannual variability since the Fligner-Killeen test is applied to the pooled residuals
of the eight models.

4.3 Changes in Dry and Wet Event Characteristics, their Significance
and Uncertainty
Figure 11 and Figure 12 summarize the projected changes in mean dry and wet event
frequency, length, distance, magnitude, and area, their statistical significance and uncertainty in the nine subregions. In order to provide more detailed information on
projected distributional changes, Figure 13 and Figure 14 depict Quantile-Quantile-Plots
(QQ-Plots) for the distributions of dry and wet event characteristics in the baseline and
future period.
For the SPIs, Figure 11 reveals that the most pronounced increases in mean dry event
frequency, length, distance, magnitude, and area are obtained for the southernmost
subregions MD and, even more pronounced, IP. In most cases, the SPI indicates a
gradient towards a higher magnitude of change for the long-term SPIs. For example,
the SPI18 indicates in IP increasing mean dry event frequency by +19.8 %, length
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Figure 10: Seasonal changes in interannual variability between 1961–1990 and 2021–2050. The
brightness of the colors represents the level of significance of the Fligner-Killeen test. Red
(blue) colors illustrate higher (lower) interannual variability in the future period. Multi-model
mean change is given in the upper center of each box. Intermodel standard deviation and
percentage of models which coincide with the sign of the multi-model mean change are given
in the lower left and right of each box, respectively.

by +26.5 %, magnitude by +62.6 %, and area by +51.1 %, while distance decreases by
−35.1 %. FR and ME mark the transition zone from drier to wetter conditions. Figure 12
depicts that the northernmost subregions IL and SC show the most pronounced changes
towards wetter conditions. The largest changes are again observed for the long-term
SPIs. For example, the SPI18 indicates in SC an increase of mean wet event frequency
by +23.1 %, length by +77.5 %, magnitude by +170.1 %, and area by +113.2 %, while
distance decreases by −62.0 %. From Figure 11 and Figure 12 it can be seen that mostly
highly significant changes are found for the southern- and northernmost subregions.
Significant changes towards higher frequency, lower distance, and larger magnitude of dry
events are obtained for the SPI3 in FR. ME shows weakly to highly significant decreases
(increases) of all investigated dry (wet) event characteristics. For AL, mainly insignificant
changes are obtained regarding all analyzed dry and wet spell characteristics. Concerning
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Figure 11: Changes in mean dry event frequency, length, distance, magnitude, and area between
1961–1990 and 2021–2050. The brightness of the colors represents the level of significance of the
t-test. Red (blue) colors illustrate drier (wetter) conditions in the future period. Multi-model
mean change is given in the upper center of each box. Intermodel standard deviation and
percentage of models which coincide with the sign of the multi-model mean change are given
in the lower left and right of each box, respectively.

the uncertainty of the changes, the southern- and northernmost subregions show high
accordance between models in the sign of change, indicating high to very high confidence.
The intermodel standard deviation indicates a fairly large spread among models which is
most pronounced for the long-term SPIs. However, the intermodel standard deviation
is clearly lower than the multi-model mean change, underpinning high confidence of
the projected changes. Figure 13 and Figure 14 reveal that the changes of the SPIs
are strongly pronounced for the upper percentiles of the distributions, mainly for event
length, distance, magnitude, and especially for the long-term SPIs. Severe changes in the
extremes arise particularly for the southern- and northernmost subregions. For example,
the SPI18 indicates for IP changes in the 95th percentile for dry event frequency of +0.9
(+11.7 %), length of +10.6 months (+19.5 %), distance of −36.0 months (−37.0 %), and
magnitude of +38.5 (+66.8 %). Therefore, the relative changes in the 95th percentile for
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Figure 12: Same as Figure 11 but for wet events.

dry event distance and magnitude are even more pronounced than the changes in the
mean. In SC, the SPI18 indicates changes in the 95th percentile for wet event frequency of
+1.1 (+15.5 %), length of +62.5 months (+127.5 %), distance of −77.8 months (−61.0 %),
and magnitude of +138.1 (262.7 %). Again, the relative changes in the 95th percentile for
wet event length and magnitude are even more pronounced than the changes in the mean.
The distributional changes of event area for the southern- and northernmost subregions
show a pronounced shift of the distribution towards larger areal fraction affected by dry
and wet events. Distinct changes are observed at the center of the distributions. This
can be related to a decrease in the frequency of lower areal fractions (indicated by steep
slopes at lower quantiles), which is accompanied by an increase in the frequency of larger
areal fractions (indicated by flat slopes at higher quantiles).
For the SCZI and SCPDSI, Figure 11 depicts that the largest increases of mean
dry event length, distance, magnitude, and area are again found for the southernmost
subregions IP and MD. Here, the SCPDSI shows a higher magnitude of change than
the SCZI except for dry event frequency. For example, the SCPDSI indicates in IP
increasing mean dry event length by +61.8 %, magnitude by +145.5 %, area by +51.1 %,
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Figure 13: QQ-plots for the baseline (1961–1990) and future (2021–2050) distributions of dry
event frequency, length, distance, magnitude, and area for each subregion. The calculation
of the quantiles includes all grid points (for frequency) and events (for length, distance, and
magnitude) in a subregion. The symbols indicate the 5th , 25th , 50th , 75th , and 95th percentile.
Please take note of the different axes scales.
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Figure 14: Same as Figure 13 but for wet events.
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and decreasing frequency and distance by −6.5 % and −37.3 %, respectively. Figure 12
reveals that the northernmost subregions IL and SC show the most pronounced changes
towards wetter conditions. In SC, the SCPDSI indicates increasing mean wet event length
by +48.0 %, magnitude by +122.8 %, area by +41.0 %, and a decrease in frequency and
distance by −3.7 % and −25.6 %, respectively. Concerning the significance of the projected
changes, mostly highly significant changes are found for the southern- and northernmost
subregions. FR exhibits significant changes towards longer, more severe, clustered, and
widespread dry events for both indices. For ME, the changes are insignificant except for
increasing dry and wet event magnitude of the SCZI. AL, EA, and BI indicate significant
increases of dry event length, magnitude, and area mainly for the SCZI. Concerning the
uncertainty of the changes, high to very high confidence in the sign of change is observed
for IP, MD, FR, IL, and SC in most cases. For the other subregions, generally lower
confidence in the sign of change is obtained. Exceptions are observed e.g., in EA, where
high to very high confidence for increasing dry event length, magnitude, and area is
obtained. Figure 13 and Figure 14 reveal that the changes for the SCZI and SCPDSI
are again strongly pronounced for the upper percentiles of the distributions, mainly for
event length, distance, and magnitude. Severe changes in the extremes arise particularly
in the southern- and northernmost subregions and for the SCPDSI. For example, the
SCPDSI shows for IP changes in the 95th percentile for dry event frequency of +1.1
(−3.5 %), length of +14.3 months (+65.1 %), distance of −13.4 months (−45.7 %), and
magnitude of +87.6 (+134.8 %). Therefore, the relative changes in the 95th percentile for
dry event length and distance are even more pronounced than the changes in the mean.
In SC, the SCPDSI indicates changes in the 95th percentile for wet event frequency of
+0.5 (+1.5 %), length of +12.0 months (+60.4 %), distance of −7.8 months (−28.2 %),
and magnitude of +59.6 (114.8 %). Again, the relative changes in the 95th percentile for
wet event length and distance are even more pronounced than the changes in the mean.
The distributional changes of event area for the southern- and northernmost subregions
reveal a pronounced shift of the distribution towards larger areal fraction affected by dry
and wet events. The distinct shift of the center of the distributions can be again related
to decreasing frequency of lower areal fractions and increasing frequency of larger areal
fractions.
The observed differences in projected dry and wet event characteristics between the SPIs
and the Palmer indices can be related to drier soil moisture conditions due to increasing
air temperature. The projected changes for the SCPDSI are a factor two to three (or even
more) larger than for the SCZI, especially for the southern- and northernmost subregions.
Since the SCPDSI takes into account soil moisture conditions of preceding months, this
can be explained by consecutive seasonal negative (positive) SCZI values which cause
extensively low (high) SCPDSI values (see Figure 9). Furthermore, different signs between
the changes of the SCZI and SCPDSI are obtained for some regions. For example, the
SCZI indicates shorter wet events for AL which can be explained by the sequence of
wetter conditions in DJF, followed by drier conditions for the remaining seasons (see
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Figure 9). Due to the low SCZI values in DJF, wetter conditions are additionally observed
in MAM for the SCPDSI and, therefore, longer wet events are obtained for some of the
models.

5 Summary and Conclusions
In this study a set of eight recent RCM simulations provided by the ENSEMBLES project
was used to analyze changes in dry and wet conditions in Europe by the mid of the 21st
century under the A1B emission scenario. A quantile based empirical-statistical error
correction approach was applied to modeled daily mean air temperature and precipitation
amount to account for RCM errors, and commonly used drought indices—the SPI), the
SCZI and SCPDSI—were calculated. Changes in the mean, in interannual variability,
and in frequency, length, distance, magnitude, and area of dry and wet events were
investigated. The statistical significance of the projected multi-model mean changes and
the according uncertainties were analyzed for nine European subregions. Furthermore,
distributional changes of the dry and wet spell characteristics were assessed. The key
findings can be summarized as follows:
1. Changes in the mean: Air temperature shows highly significant and confident
increases for all of Europe and all seasons. Precipitation and the drought indices
indicate the most pronounced changes towards drier and wetter conditions in the
southern- and northernmost subregions, respectively. Here, the changes are highly
significant and confident in most seasons. In other regions the changes are more
diverse. Opposite directions between the changes of the SPIs and the Palmer
indices are obtained due to the effect of increasing air temperature, revealing a
drying tendency of the SCZI and SCPDSI mainly in JJA and SON. Changes of
the long-term drought indices are generally more pronounced than those of the
short-term indices, highlighting the importance of investigating different time scales
of drought.
2. Changes in interannual variability: The projected changes in interannual variability
are less significant and confident than the changes in the mean. Significantly
increasing interannual variability is projected in regions with pronounced changes
in the mean towards wetter as well as towards drier conditions. Significantly and
confidently decreasing interannual variability is mainly expected in Iceland.
3. Changes in dry and wet event characteristics: As for the changes in the mean,
the most pronounced increases in dry (wet) event frequency, length, sequence,
magnitude, and area are expected for the southernmost (northernmost) European
subregions. Here, the changes are highly significant and highly confident for most
drought indices. For the other subregions, substantial differences between the SPIs
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and the Palmer indices are obtained concerning the sign, the significance, and the
confidence of the changes. Here, a tendency towards increasing dry event frequency,
length, sequence, magnitude, and area is mainly obtained for the SCZI and SCPDSI
due to the effect of increasing air temperature. The long-term drought indices show
a stronger response to climate change than the short-term indices. Severe changes
in the extremes of event length, distance, and magnitude particularly arise in the
southern- and northernmost subregions regarding all investigated drought indices.
Furthermore, the distributional changes of event area reveal a pronounced shift
towards larger areal fraction affected by dry and wet events.
It can be concluded that significant changes in dry and wet event characteristics are
expected with high confidence in the southernmost (mainly France, Italy, and Spain) and
northernmost (mainly Iceland and Scandinavia) regions of Europe. We demonstrated
that the role of increasing air temperature as well as the considered time-scale of drought
plays an important role for the assessment of future drought conditions. The recently
introduced Standardized Precipitation-Evapotranspiration Index (Vicente-Serrano et al.
2010) comprises both aspects and, therefore, represents a valuable supplement to the
commonly used SPI and SCPDSI for future studies. Although the comparability to
other studies is restricted due to different climate model ensembles, emission scenarios,
time horizons or drought indices, our study is in agreement with previous studies and
adds confidence to the expectation that southern Europe is most probably facing an
increased risk of longer, more frequent, severe, and widespread droughts, while northern
Europe is facing increased risk of intensified wet events. These changes are expected to be
particularly pronounced with regard to extreme events. A broad spectrum of impacts can
be expected from these changes, and it is highly advisable to develop appropriate water
management and adaptation strategies. Outside of these high-risk regions, the projected
changes are more dissonant and less reliable, but cannot be ruled out. This uncertainty is
particularly challenging and calls for flexible and adaptable water management strategies.
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Projections of Future Water Resources and their Uncertainty in
a Glacierized Catchment in the Swiss Alps and the Subsequent
Effects on Hydropower Production During the 21st Century

Abstract: Hydropower accounts for about 20 % of the worldwide electrical power
production. In mountainous regions this ratio is significantly higher. In this study
we present how future projected climatic forcing, as described in Regional Climate
Models (RCMs), will affect water resources and subsequently hydropower production in
downstream hydropower plants in a glacierized Alpine valley (Vispa valley, Switzerland,
778 km2 ). In order to estimate future runoff generation and hydropower production, we
used error-corrected and downscaled climate scenarios from RCMs as well as glacier
retreat projections from a dynamic glacier model and coupled them to a physically based
hydrological model. Furthermore, we implemented all relevant hydropower operational
rules in the hydrological model to estimate future hydropower production based on
the runoff projections. The uncertainty of each modeling component (climate, glacier
retreat, and hydrological projection) and the resulting propagation of uncertainty to the
projected future water availability for energy production were assessed using an Analysis
of Variance (ANOVA). While the uncertainty of the projections is considerable, the
consistent trends observed in all projections indicate significant changes to the current
situation. The model results indicate that future melt- and rainfall-runoff will increase
during spring but decline during summer. The study concludes by outlining the most
relevant expected changes for hydropower operations.
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1 Introduction
Although about 20 % of the gross electricity production worldwide comes from hydropower
plants, the economic potential of hydropower has not been exploited completely (Sternberg
2010). In mountainous regions, the ratio of hydropower production is significantly higher,
e.g., in Austria and Switzerland hydropower accounts for more than 50 % of the national
electrical power production (Zimmermann 2001). In these countries, the hydropower
potential is nearly exploited completely or will not be further developed for various
environmental reasons (Miranda 2001; Finger et al. 2006, 2007; Jager and Smith 2008). In
particular, reservoirs are important constituents of power production, as they can react
to the electricity consumption variations within seconds and thus ensure sufficient energy
supply for adequate network stability. Nevertheless, hydropower production depends on
local precipitation, snow coverage, and glacier ice melting, and is therefore subject to
important interannual fluctuations (Bartolini et al. 2009; Lambrecht and Mayer 2009).
Throughout the last century hydropower plants have been adapted and improved to
optimize power production and other services (Egré and Milewski 2002; Alfieri et al. 2006).
Nevertheless, climate change remains one of the biggest challenges for the hydropower
sector (Lehner et al. 2005), in particular in Switzerland, where reservoirs are frequently
glacier fed (Hauenstein 2005). Water resources in mountain regions are particularly
sensitive to climatic forcing as glacier retreat is already affecting hydropower production
across the Alps (Hock 2005). Although increasing water runoff has been observed in many
mountain streams below glaciers in recent years, discharge is expected to decrease in the
future, when glaciers will have shrunk below a threshold extent (Huss et al. 2008; Stahl
and Moore 2006; Huss 2011). According to IPCC (2008), the hydropower potential is
expected to decline by 6 %, with strong regional variations from a 20 % to 50 % decrease
in the Mediterranean region to a 15 % to 30 % increase in Northern and Eastern Europe.
These predictions will doubtlessly affect energy production and flood control, so that
water management measures will have to be adapted accordingly (Xu and Singh 2004).
In Switzerland the Swiss Federal Office of Energy (SFOE) estimates that in the long
term 2000 hydro GW h a−1 are lost due to climate change and 1900 GW h a−1 due to
legal residual water flows (OFEN 2004). Such estimations rely, however, on empirical
linear projections and provide only limited information for future water management
strategies. Projections performed with hydrological models, using state-of-the-art climate
projections, can help in developing adequate water management strategies to anticipate
expected changes. Efforts to assess such changes have been made by Mimikou and
Baltas (1997) using three General Circulation Model (GCM) outputs to evaluate the
reliability of a hydropower scheme, by Bergström et al. (2001) to assess the potential
of future power plants in Sweden, and several authors in the western United States
have used different GCM and downscaling techniques to assess future water resources
(e.g., Christensen et al. 2004; Payne et al. 2004). While the use of different climate
scenarios reveals the uncertainty of climate projections, it is also essential to quantify
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and discuss the uncertainty propagated to the future hydrological projections. For
example, Minville et al. (2008) and Kay et al. (2008) investigated different sources of
uncertainty and demonstrated that the uncertainty of future hydrological projections is
primarily due to uncertainties within the choice of a GCM. Schaefli et al. (2007) were
the first who presented a thorough approach to compare modeling uncertainties with
projected changes due to climate change for a small case study in Switzerland. Stahl et al.
(2008) incorporated periodic changes in glacier cover in a conceptual model to project
future runoff generation. However, all these previous studies do not account for dynamic
glacier retreat and hydropower operational rules simultaneously, nor they do employ
state-of-the-art RCM scenarios. This makes their results less reliable and their modeling
approaches can only be applied to study sites without river diversion. Furthermore, the
propagation of the specific uncertainty from climate models and dynamic glacier models
to final projections of future water resources has never been quantified.
Motivated by the ongoing discussion about the impacts of climate change and its
uncertainty on hydropower production (SGHL 2011), our study presents an integrative
modeling chain in which we couple error-corrected and downscaled scenarios from Regional
Climate Models (RCMs), glacier retreat from a dynamic glacier model, and a hydrological
model which accounts for hydropower operational rules. For this purpose we integrated
all relevant hydropower operational rules (diversion of mountain stream, storage in
reservoirs, and routing of pressurized water to the turbines) in a physically based, fully
distributed hydrological model and coupled the model to a dynamic glacier model and
seven error-corrected and downscaled A1B forced RCM climate scenarios. This modeling
chain allows us to investigate the impacts of climate change on complex hydropower
installations which collect and divert water from several subcatchments with different
degrees of glaciation.
Furthermore, we quantify the uncertainties of climate change projections by assessing
the variability in an ensemble of projections. Subsequently, the propagation of the
variability of each modeling component to the global uncertainty of projected runoff
and hydropower production is assessed using an Analysis of Variance (ANOVA). This
approach allows us not only to quantify the uncertainty of our projections, but also
to determine the contribution of each modeling component to the overall uncertainty.
Finally, we compare the projected changes in water availability with the expected natural
variability. This allows us to identify changes which are significantly stronger than
the natural variability of projected future climate patterns. This identification is a
prerequisite for establishing adequate water management policies for future periods.
We chose the Vispa valley, a mountain valley in the Swiss Alps, for this study as
its setting with two hydropower companies exploiting the natural runoff using complex
operational rules is representative for typical modern hydropower storage plants. The
study concludes by assessing the projected impacts and their uncertainties of climatic
change on future water resources and energy production in the valley. Our approach
opens new possibilities to water resources managers to develop specific strategies to
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Figure 1: Vispa valley including the watershed of Mattmarksee. Dots in circles illustrate locations
of important landmarks, double circles are indicating hydropower facilities, and white circles
locate water intakes. The color bar on the left side indicates the retreat of glacier extent in
10 year intervals. Arrows on the map illustrate water flow in pipelines of the hydropower
companies. Values in parentheses indicate altitude in meter above sea level (m asl). Details
about each labeled symbol are listed in Table 4.

anticipate climate change impacts on hydropower production.

2 Study Site and Data
The Vispa River is situated about 200 km east of Geneva (7°500 E, 46°80 N) in the southern
part of Switzerland. The gauging station near the village of Visp (location V in Figure 1)
drains a total area of 778 km2 , which includes the Matter valley on the western part and
the Saas valley on the eastern part. The average annual runoff volume of 0.53 km3 a−1
(equivalent to 689 mm a−1 ) measured in Visp represents about 9.3 % of the total runoff
from the Rhone valley as measured at the outlet into Lake Geneva. The catchment
elevation ranges from 659 m asl in Visp to 4634 m asl at the Dufourspitze. About 29 %
of the area is covered by glaciers, containing seven larger (> 5 km2 ) valley glaciers. The
seven major glaciers are all located at altitudes between 2287 and 4408 m asl, varying in
size from 4.6 km2 (glacier in the Schalibach watershed) to 51 km2 (Gornergletscher, the
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second largest glacier system in Switzerland). Icefields, firns, and snow fields smaller than
4.6 km2 were modeled as permanent snow fields (see Section 3). Based on the simulations
of Farinotti et al. (2012) we estimate the mean annual glacier retreat to vary between
0.05 km2 a−1 (glacier in the Schalibach watershed) and 0.48 km2 a−1 (Gornergletscher).
Further topographic information on the major glaciers is summarized in Table 1 and
provided in Farinotti et al. (2012).
The natural runoff in Vispa valley is exploited by two hydropower companies, which
divert parts of the runoff into two hydropower reservoirs, Mattmarksee (storage volume
of 101 Mm3 ; surface: 1.76 km2 ; depth: 96 m), operated by the Kraftwerke Mattmark
(KWM), and Lac de Dix (storage volume of 400 Mm3 ; surface: 3.65 km2 ; depth: 227 m)
operated by Grande Dixcene (GD). While GD has diverted water to the Lac de Dix
reservoir outside the study site since 1964, Mattmarksee (location M in Figure 1) has
been operational since 1965 and is located in the eastern valley of the catchment . KWM
operates nine water intakes, draining a total area of 162 km2 , diverting the water into
Mattmarksee or down to the power plant at Stalden (location S in Figure 1). GD
disposes of 19 water intakes, diverting over 400 Mm3 a−1 of natural runoff from a total
area of 241 km2 to Lac de Dix. Two further hydropower companies, Energy Zermatt and
EnAlpine operate river power plants, which do not enact storage capacities and, therefore,
do not affect the temporal runoff of the Vispa.
While GD diverts all water collected to the Lac de Dix situated outside the Vispa
valley, water storage in Mattmarksee leads to a seasonal shift of the discharge dynamics
downstream of the hydropower plant. About 41 % of the annual discharge in the entire
Vispa valley is used for hydropower production by KWM, altering the runoff regime
at the gauging station in Visp significantly. Before hydropower operations started in
1964, natural runoff in Visp reached average monthly discharge of 75 m3 s−1 in summer
and about 5 m3 s−1 in winter, while in recent years runoff during summer reaches about
35 m3 s−1 compared to 10 m3 s−1 in winter (Figure 2). This is a direct effect of the
hydropower operations, revealing the practice of KWM to store water during summer
and release it during winter when energy prices are highest.
An overview of all available observational data in the catchment is given in Table 2.
The Federal Office of Meteorology and Climatology (MeteoSwiss) operates two automatic
weather stations, one close to the village of Visp and one close to Zermatt (location Ze in
Figure 1), where mean daily air temperature (T ), precipitation P , and global radiation (I)
recordings are available since 1980. KWM provided 9 years of daily lake level recordings
(L), natural runoff in m3 d−1 collected in Mattmarksee (QM at location M in Figure 1)
and in Zermeiggern (QZ at location Z in Figure 1), as well as water release rates in the
generating plant in Stalden (QS at location S in Figure 1). Snow Cover Extent (SC)
was derived from daily satellite images recorded by the Moderate Resolution Imaging
Spectroradiometer (MODIS) which is continuously operational since 2001 (Hall et al.
2002). In this study we used the MODIS product MOD10A1.5 (see http://nsidc.org/).
Daily discharge data from the gauging station at Visp (QV at location V in Figure 1)
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Table 1: Characteristics of the individual glacierized subcatchments in the Vispa valley.

Aa
(km2 )
3202
3298
3356
3115
2941
2835
2908

LEb
(m asl)

0.6
2.1
1.1
3.1
12.8
0.7
1.9

Aa
(km2 )

3343
3762
3558
3520
3407
3406
3444

LEb
(m asl)

0.23
0.15
0.08
0.19
0.48
0.05
0.14

Rc
(km2 a−1 )

KWM
KWM
KWM
GD
GD
GD
GD

HPCd

M
E
E
M
M
E
E

Methode

Retreat Rate

LEb
(m asl)
6.6
7.6
4.1
12.3
31.6
2.5
6.9

2090

Aa
(km2 )
2733
2880
2399
2627
2287
2382
2402

2050

Catchment
18.9
13.9
7.5
18.3
51.0
4.6
12.8

2010

Mattmark
Feevispa
Riedbach
Findelbach
Gornera
Schalibach
Zmuttbach

a
Approximate glacierized area (A) based on 250 m grid resolution, given by the model resolution.
b
Altitude of the lowest glacierized cell based on 250 m grid resolution, given by the model resolution.
c
Mean annual glacier retreat (R) based on 250 m grid resolution, given by the model resolution.
d
Hydropower Company (HPC) which captures glacier runoff for hydropower production.
Method used to make glacier extent projections: M: modeled by Farinotti et al. (2012); E: extrapolated as described in the text.
e
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2 Study Site and Data

Figure 2: Monthly average discharge patterns in the Vispa River at Visp before 1964 without
hydropower operations, in 1965 when water diversion to Lac de Dix started, and after 1965
when Mattmarksee was fully operational.

were provided by the Swiss Federal Office of Environment (FOEN) starting from 1903.
A Digital Elevation Model (DEM) with a 250 m spatial resolution from the Swiss
Federal Office of Topography (Swisstopo) was used as catchment topography. The 250 m
resolution appears to be a good compromise between the sparse spatial resolution of
observational data and the high resolution of local topographic settings. Soil and geology
properties as well as land cover information were obtained from digital thematic maps
available from the Swiss Federal Statistical Office (FSO).
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3 Methods
In order to assess the impact of climate change on hydropower production, we present an
integrative modeling approach, by coupling a hydrological model with downscaled and
error-corrected RCM projections, glacier retreat projections, and hydropower operational
rules. In Section 3 we describe the individual components of this model chain, the
uncertainty they introduce into hydrological projections, and how uncertainty is analyzed
in this study.

3.1 Climate Model Projections
In order to drive our hydrological model we use the most comprehensive RCM ensemble
available from the EU FP6 Integrated Project ENSEMBLES. ENSEMBLES is restricted
to the A1B emission scenario, which is characterized by global economic growth and
a balanced emphasis on all energy sources (Nakicenovic et al. 2000). However, since
the emission scenarios have only a small impact on climate change until the mid of the
21st century (Prein et al. 2011) this is only a minor restriction to the results of this
study until 2050. For the projections until the end of the 21st century, the global mean
temperature increase due to the A1B emission scenario is between the other two major
emission scenarios used in IPCC (2007b) (i.e., B1 at the lower bound and A2 at the
upper bound).
Déqué et al. (2007, 2011) showed that the choice of the GCM as well as the RCM
are major sources of uncertainty. To account for this uncertainty, we selected seven
RCMs from a set of 15 available simulations that are forced by four distinct GCMs
(Table 3), adequately accounting for uncertainty in boundary conditions and RCM
model formulation as suggested by van der Linden and Mitchell (2009). We excluded
all simulations driven by the GCMs HadCM3Q3 and HadCM3Q16 because they are
regarded as not realistic (van der Linden and Mitchell 2009). From the remaining RCM
simulations, five simulations were forced by the global climate model ECHAM5-r3. In
order to avoid an artificial bias toward the climate response of ECHAM5-r3, we limited
our selection to two ECHAM5-r3 simulations. Therefore, we consider our final selection
of climate scenarios (Table 3) as an representative ensemble of state-of-the-art climate
projections.
In order to correct RCM errors in present day climate conditions (see e.g., Frei et al.
2003; Hagemann et al. 2004; Suklitsch et al. 2008, 2010) and for further downscaling to
the location of specific stations, we used an innovative approach in this study, combining
dynamical and statistical downscaling with observations, as proposed by Themeßl et al.
(2011b). This quantile based error correction approach (Quantile Mapping (QM)) is
based on the observations of the two meteorological ground stations, Visp and Zermatt,
in order to produce error-corrected and downscaled RCM projections for daily mean air
temperature, daily precipitation sum, and daily mean global radiation.
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Only Used to Evaluate the Model
Discharge in Visp
m3 d−1 1903–2009
Hydropower discharge release at Stalden
m3 d−1 2000–2009

QM
QZ
SC

QV
QS

V
S

4
Z
entire catchment

V, Ze
V, Ze
V, Ze
M

Locationa

daily
daily

daily
daily
daily

daily
daily
daily
daily

Resolution

b

Locations are marked in Figure 1
These data have been used for calibration (2004) and evaluation (2001–2008)
c
Sum of natural discharge collected at locations 1, 2, 3, 5, 6, and total runoff collected at Z: (Q1 + Q2 + Q3 + Q5 + Q6 + QZ )
d
Sum of natural discharge collected at locations Z, 7, 8, and 9: (QZ + Q7 + Q8 + Q9 )

a

Period

Used to Drive the Model
◦C
Mean air temperature
1980–2009
−1
Precipitation
mm d
1980–2009
Global radiation
W m−2 1980–2009
Lake level of Mattmarksee
m asl
2000–2009

Unit

Used to Calibrate the Model b
Total input to Mattmarkseec
m3 d−1 2000–2009
d
Total discharge collected at Zermeigern
m3 d−1 2000–2009
Snow cover extent derived from satellite images binary 2001–2009

T
P
I
L

Parameter

Table 2: Overview of available datasets.
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In a first evaluation step we checked the performance of QM using the 28 years
(1980–2008) of observational data from Visp and Zermatt. Mean Differences (MDs)
and the ratios of the standard deviations between simulated and observed daily values
(R = σ(sim)/σ(obs)) for all three meteorological variables are summarized in Table 3. As
can be seen from Table 3, the error-corrected RCM simulations adequately reconstruct
mean and variability of the local weather patterns. This is particularly true in mountainous
regions, where QM proved to improve the skill of RCM simulations significantly, as
discussed in detail by Themeßl et al. (2011a) and Themeßl et al. (2011b). Furthermore,
these tests confirm that QM can also be applied to global radiation, a finding which was
not described by Themeßl et al. (2011b). Nevertheless, these results do not represent the
quality of QM applied to future climate simulations, since evaluation and calibrations
periods are identical. In this respect, a more stringent evaluation of QM is given in
Themeßl et al. (2011a).
The variability of the projected climate change signals within the seven error-corrected
RCM scenarios reveals the uncertainty of present state RCM projections for the Vispa
valley. Climate change signals between the long-term period (2069 to 2098) and the
representative reference period of the current climate (1992 to 2019; see Subsection 3.3.4)
vary between +3.2 ◦C and +4.7 ◦C warming during the melt season (May to September)
and +1.6 ◦C and +3.0 ◦C during the low flow season (January to April; see Figure 3).
Since the RCMs have a grid spacing of about 25 km and an effective resolution of at least
four times this value, spatial differences in the projections for the two weather stations,
which are only about 35 km apart, can only be achieved by applying empirical-statistical
methods like QM, which introduce local climate information from the stations. For
example, the weather station at Visp records typical weather patterns for the lower
valley (e.g., stratus formations), and at Zermatt typical weather patterns for the upper
valley are recorded (e.g., adiabatic winds) (Rüedlinger 2010). On average, the seven
scenarios project slightly higher temperature increase during the melt season in Zermatt
(mean increase: +4.3 ◦C) than in Visp (mean increase: +3.7 ◦C). During the low flow
season, the multi-model average warming is quite similar with +2.2 ◦C in Zermatt and
+2.3 ◦C in Visp. Fairly similar signals can be observed for precipitation. In Zermatt,
precipitation is projected to increase by an average of +11.5 % during low flow season
but decrease during the melting season by −13.4 %. In Visp, an increase of precipitation
during low flow of +14.8 % and a decrease during melt season of −3.5 % is projected.
On average, the selected scenarios project a decrease in mean global radiation of up to
−4.2 W m−2 . Nevertheless, some scenarios also predict an increase of mean radiation of
up to −9.3 W m−2 (Figure 3).

3.2 Glacier Model Projections
The hydrological model used in this study only accounts for glacier ice melt and snow
accumulation, disregarding glacier dynamics and retreat. We therefore rely on externally

144

b

a

ARPEGE
ARPEGE
HadCM3Q0
HadCM3Q0
ECHAM5-r3
ECHAM5-r3
BCM

ARPEGE
ARPEGE
HadCM3Q0
HadCM3Q0
ECHAM5-r3
ECHAM5-r3
BCM

1
2
3
4
5
6
7

1
2
3
4
5
6
7

CNRM-ALADIN5.1
DMI-HIRHAM5
ETHZ-CLM
HC-HadRM3
KNMI-RACMO2
MPI-REMO
SMHI-RCA

CNRM-ALADIN5.1
DMI-HIRHAM5
ETHZ-CLM
HC-HadRM3
KNMI-RACMO2
MPI-REMO
SMHI-RCA

Institute RCMa

−0.009
−0.019
−0.030
−0.027
−0.009
−0.014
−0.008

1.000
1.016
0.992
1.004
0.993
1.001
1.005

At Vispb
−0.010
−0.019
−0.025
−0.016
−0.010
−0.011
−0.010

MDT
(◦C)
0.006
−0.003
−0.017
−0.011
0.005
0.007
0.003

RP
(–)

At Zermatt b
−0.003
1.006
−0.020
1.004
−0.020
0.984
−0.009
1.009
−0.024
0.995
−0.017
0.999
−0.036
0.973

MDP
(mm d−1 )

0.999
0.998
0.998
0.999
1.001
1.001
0.998

0.997
0.997
0.996
0.996
1.000
1.000
0.998

RT
(–)

0.049
0.283
0.013
−0.128
−0.077
−0.087
0.203

0.21
0.131
0.232
0.003
0.048
0.032
0.221

MDI
(W m−2 )

1.001
0.998
0.998
1.000
1.000
1.000
0.998

1.001
0.999
0.998
1.000
1.000
1.000
0.998

RI
(–)

RCM scenarios for Europe are available from the ENSEMBLES project (http://ensembles-eu.org/).
Values in the table indicate the mean difference (MD) and the ratio of standard deviation between simulated and observed climate
variables (R) during the reference period 1980 to 2008. Index P stands for precipitation, T for air temperature, and I for global
radiation.

GCM

Nr

Table 3: Performance of the seven selected climate scenarios in representing present-day climate mean and variability.
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determined evolution of glacier masks for model projections up to the year 2100. The
ice volume changes of the biggest glaciers in the Vispa catchment have been monitored
throughout the last century (Bauder et al. 2007). Farinotti et al. (2012) used a glacier
evolution model (Huss et al. 2008) that includes all important processes of accumulation
and melt of snow and ice as well as the dynamic response of the ice masses to evaluate
the transient evolution of the ice volume, glacier covered area, and the distributed mass
balance until 2100 of the three highly glacierized subcatchments, Gornera, Findelbach,
and Mattmark (Table 1). The future projections are based on ten regional climate change
scenarios derived from the ENSEMBLES project (van der Linden and Mitchell 2009) as
described by Bosshard et al. (2011). Although the climate scenarios used to drive the
glacier model in the study of Farinotti et al. (2012) slightly differ from those used to drive
the hydrological model in this study, they can be considered as largely consistent since
mostly the same climate simulations are used, all driven by the A1B emission scenario.
Projections of the remaining smaller glaciers in the catchment, for which detailed
simulations were not available due to lack of observational data, we used an elevation
dependent linear retreat as projected for the three simulated glaciers. We justify this
simplification for the smaller glaciers by the fact that the three biggest glaciers, for which
explicit modeling is available, account for over 69 % of the glacierized area (Table 1).
The results of Farinotti et al. (2012) demonstrate that the glacier retreat is a continuous
gradual process, justifying our approach to use externally determined glacier extents with
a 250 m spatial resolution. The evolution of the projected glacier extents are illustrated
in Figure 1 and summarized in Table 1.

3.3 Hydrological Modeling and Projections
3.3.1 Model Setup
The modified Topographic Kinematic Approximation and Integration Model (TOPKAPI)
is a physically based rainfall-runoff model (Todini and Ciarapica 2002), developed from
the conceptual ARNO model (Todini 1996). In this study we used a modified version of
TOPKAPI almost identical to the version used by Finger et al. (2011). The modified
version contains the Enhanced Temperature Index (ETI) model, which computes ice
and snow melt rates based on ambient temperature and solar radiation using a constant
Temperature Factor (TF) and Short Wave Radiation Factor (SRF) (Pellicciotti et al.
2005). The water routing in TOPKAPI is based on the kinematic wave concept, which
can lead to numeric problems when fluctuation is very large. While in this study this
was never the case for simulation of the present climate, about 1.6 % of simulated future
time periods revealed numeric problems and were hence not considered in the results.
For the model setup of the Vispa valley study site, a DEM with 250 m grid resolution
provided by Swisstopo was used. According to the digital soil and land use maps from
the FSO, 97 % of the watershed can be characterized as glaciers, ridges, steep slopes,
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Figure 3: Climate change signals in mean air temperature, precipitation, and global radiation
between the reference period (1992–2019) and the end of the century (2071–2098) during low
flow (January to April) and melt season (May to September). Labels indicate specific climate
scenarios as listed in Table 3.

or high Alpine, with the according soil characteristics (Table 5). Similarly, four land
use types were defined, assigning to each one associated Manning’s coefficients and
crop factors (Table 5). The channel geometry in the entire catchment is assumed to
be rectangular with decreasing width according to the distance from the outlet of the
catchment. For calibration purposes the glacier extent of 2010 was used, which seems
appropriate as glacier retreat within one decade is below the spatial grid resolution of
our model (Figure 1).
The model is driven with daily meteorological data (P and T ) recorded at the MeteoSwiss station at Visp, located at 640 m asl, and at Zermatt at 1626 m asl (Figure 1).
Data from the meteorological station of Zermatt was used to extrapolate P and T
above 1600 m asl and data from Visp was used to extrapolate P and T below 1600 m
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asl. Radiation is computed by the hydrological model, accounting for daily cloud cover
according to the parameterization proposed by Pellicciotti (2004), which relies on daily
maximum and minimum air temperatures available at Zermatt and Visp.
3.3.2 Modeling Hydropower Operations with TOPKAPI
The main modification to the TOPKAPI version used by Finger et al. (2011) is the
implementation of a reservoir module (Todini and Mazzetti 2008), to account for storage
in reservoirs, water abstraction, diversion of natural mountain streams and routing of
pressurized water to turbines. The discharge released from the reservoir is determined
by means of user provided lake level time series, as originally described by Todini and
Mazzetti (2008):
Qres (t) = QM (t) + Pres · Ares − ∆Vres (h)

(m3 d−1 ),

(1)

where Qres denotes the discharge from the reservoir, QM stands for total natural runoff
and diverted water input to the reservoirs, Pres stands for the precipitation above the
reservoir area Ares , and ∆Vres (h) represents the observed volume change depending
on the lake level observations and the bathymetric map, between the present and the
previous time step. If ∆Vres (h) becomes greater than the input into the reservoir the
discharge from the reservoir is stopped by setting Qres to 0. This constraint prevents Qres
from becoming negative and allows the model to compensate short-term underestimations
of simulated inflow to the reservoir as discharge from the reservoir is stopped until the
simulated lake level reaches the observed lake level again.
Water extraction, diversion of mountain streams, and routing of pressurized water
to the turbines were implemented by subtracting the amount of water diverted from
the river cell flowing through a water frame and adding it to the target river cell. The
hydropower operational rules in the Vispa valley can be limited within our study to the
activities of GD and KWM, as other hydropower activities (e.g., Energy Zermatt and
EnAlpin) are irrelevant for our study since they do not affect natural runoff beyond a
daily time scale. All the operational rules for the specific case of GD and the KWM
are summarized in Table 4 and visualized in Figure 1. KWM collects water at five
intakes (locations 1, 2, 3, 5, and 6) and diverts it to the Mattmarksee. Water collected
at locations 7, 8, 9, and in Zermeiggern is stored in our model in one single reservoir,
the Mattmarksee. This is a simplification, as in reality water can be released directly
to Stalden, or be pumped up from Zermeiggern to Mattmarksee. As storage volume in
the pipes and at Zermeiggern is negligible, mathematically it does not matter if water
is stored in the pipes, at Zermeiggern, or in Mattmarksee. Therefore we simplify the
hydropower installations with one single reservoir, the Mattmarksee. The water released
from this reservoir is defined by lake level observations (Equation 1). KWM also operates
historic turbines in Saas Fee, but these are being neglected in our modeling approach, as
they are rarely used and do not affect runoff beyond a daily basis.
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Table 4: Overview of water intakes of KWM and GD.
Loc.a

Name

Xb
(m)

1
2
3
4
5
6
7c
8c
9
Zc
S
Md
V

Trift
Almageller/Rottal
Furg
Inflow Mattmarksee
Hohlaub
Allalin
Saas-Fee
Schweiben
Riedbach
Zermeiggern
Stalden
Mattmarksee
Visp

640.467
642.911
643.225
–
639.624
639.729
637.747
635.482
630.376
640.055
–
–
634.150

10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
Ge
St
Zme

Hohberg
Festi
Kin
Rotbach
Alphubel
Mellichen
Längflue
Findelbach
Obertheodul
Furgg
Bis
Schalibach
Edelweiss
Trift
Arben
Hohwäng
Gornera
Stafel
Z’mutt

629.295
628.833
629.393
629.866
630.535
631.150
630.822
629.087
621.631
620.781
624.851
624.004
–
621.469
617.554
616.065
622.600
618.125
620.990

Yb
(m)

H
(m asl)

Qmax
(m3 s−1 )

Diversion

Saas Valley
109.477
2291
105.545
2280
101.306
2282
–
2197
100.796
2219
100.292
2255
106.569
1770
113.739
1772
113.087
1823
102.997
1770
–
715
–
2197
124.850
658

5.5
4.6
3.8
–
3.5
3.5
14.0
1.5
3.0
3.0
–
–
–

diverted to 4
diverted to 4
diverted to 4
inflow to lake
diverted to 4
diverted to 4
diverted to 4
diverted to 4
diverted to 4
diverted to 4
outlet to river
released to S
gauging station

Matter Valley
106.863
2534
105.351
2548
103.730
2764
101.453
2548
99.525
2571
98.372
2637
97.817
2598
94.919
2508
92.814
2486
92.823
2487
106.159
2168
102.869
2128
–
∼ 2078
98.095
2442
96.190
2554
95.388
2612
93.211
2007
94.900
2212
95.179
1970

2.4
2.3
1.9
1.5
1.3
6.0
1.3
17.7
4.5
6.6
3.4
10.0
5.0
7.0
2.3
2.0
12.0
10.0
7.0

diverted to LdD
diverted to LdD
diverted to LdD
diverted to LdD
diverted to LdD
diverted to LdD
diverted to LdD
diverted to LdD
diverted to LdD
diverted to LdD
diverted to Zm
diverted to Zm
diverted to Zm
diverted to LdD
diverted to LdD
diverted to LdD
diverted to LdD
diverted to LdD
div. to LdD residual to G

a

Locations are illustrated in Figure 1.
Swiss coordinate system using the geodetic datum CH1903.
c
Mathematical simplification 1: water collected at these locations is diverted to 4, as Min the model
acts as reservoir including all water stored in the entire system.
d
Mathematical simplification 2: water from Mis directly released to S, as Maccounts for all water
stored in the system.
e
Mathematical simplification 3: at Z’mutt (Zm) 7 m3 s−1 are directly pumped to Lac de Dix (LdD)
the rest is diverted to G. At Gornera (G) 12 m3 s−1 is diverted to GD the rest is released as residual flow.
b
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Grande Dixence collects water at 13 water intakes (at location 10, 11, 12, 13, 14, 15, 16,
17, 18, 19, 23, 24, and 25) and diverts it directly to the Lac de Dix outside the catchment.
At Stafel, water is collected and diverted (through pumps) to Grande Dixence. The
pumps can only reach a capacity of 10 m3 s−1 . The rest is released downstream, but
collected at Z’mutt. Water collected at 20, 21, and 22 is diverted to the cell upstream
of Z’mutt. At Z’mutt water from 20, 21, 22, and the upstream basin is pumped to
Grande Dixence with a Qmax of 7 m3 s−1 . The remaining water is diverted to G. This
is again a simplification, as in reality no water is diverted from Z’mutt to Gornera. At
Gornera water is being diverted to Grande Dixence with a Qmax of 12 m3 s−1 . This is
also a simplification, as in reality water is being diverted to Z’mutt. However, at Z’mutt
there are two pumps which have a Qmax of 12 m3 s−1 . Consequently, water from the
upstream basin is first pumped to Grande Dixence, before water from Gornera is pumped.
Accordingly, we simplify this by first diverting all surplus water (>7 m3 s−1 ) from 20, 21,
and 22 to Gornera and limiting the diversion of water at Gornera to Grande Dixence to
12 m3 s−1 .
3.3.3 Stochastic Model Calibration
We use a stochastic model calibration technique proposed by Finger et al. (2011) which
identifies physically plausible parameter sets, resulting in good model performance
regarding all available observational datasets. Using this technique, Finger et al. (2011)
demonstrated that the combination of satellite snow cover images and discharge data
leads to a high internal consistency, making it suitable for climate change projections. In
the present study we extended the technique to also assess the uncertainty of hydrological
model projections. The technique has been presented in detail by Finger et al. (2011),
therefore here we only outline the specific adaptations and extensions necessary for the
present study.
We first generated 10 000 random parameter sets from a uniform and physically
plausible constrained range indicated in Table 5 and Table 6. Although 10 000 parameter
sets cannot sample the entire parameter space, many authors have demonstrated that
this number is sufficient to obtain adequate model efficiency (Beven and Binley 1992;
Uhlenbrook and Sieber 2005; Seibert and Beven 2009; Finger et al. 2011). Furthermore, as
only the headwaters are diverted into Mattmarksee, the relevant areas of the Vispa valley
are comparable to the Rhonegletscher study site investigated by Finger et al. (2011),
making their approach also suitable for the Vispa valley. In accordance with Finger
et al. (2011), the saturated hydraulic conductivity parameter Ksh was generated from
a log-uniform distribution. The initial range of Ksh was defined to vary over several
magnitudes to allow the model to mimic runoff through coarse gravel as well as through
glacier pulp (Table 5). Although TOPKAPI has the option for a second soil layer, we
refrained from using it to avoid overparameterization of the model. All initial parameter
ranges were defined based on experience and experimental data as described by Finger
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et al. (2011).
Efficiency criteria were used to quantify the model performance regarding total natural
and diverted runoff into Mattmarksee (QM ), total discharge from the lower intakes
collected at Zermeiggern (QZ ), and SC. Performances of all simulated discharges were
surveyed using the Nash-Sutcliffe coefficient (Nash and Sutcliffe 1970):
n
P

EQ,j = 1 −

i=1
n
P

(Qi,j,obs − Qi,j,sim )2
,
(Qi,j,obs − Qi,j,obs )2

(2)

i=1

where index i represents the time steps, index j stands for the respective location, Qobs
stands for observed discharge, and Qsim depicts simulated discharge. Furthermore, the
accumulated volume error of total input into Mattmarksee was computed for each run as
follows:
n
X
EVE =
|Qi,j,obs − Qi,j,sim |.
(3)
i=1

Predicted snow cover was evaluated by determining the daily ratio of correctly predicted
snow cover area as follows:
ccorr
ECPSC =
,
(4)
ctot − cmissing
where ccorr stands for the number of correctly predicted cells, ctot stands for the total of
cells in the catchment, and cmissing accounts for the number of cells with no data due to
cloud cover.
Based on these efficiency criteria, 10 000 Monte Carlo (MC) runs were ranked regarding
the performance of the four above mentioned efficiency criteria. For this purpose we
defined a ranking value Pri for each run r and each efficiency criterion k as
Prk =

(N + 1) − Rankkr
,
N

(5)

where N is the total number of runs performed and R stands for the rank of the
considered run with regard to the efficiency criterion k. Thus, ranking values were
E
defined for each dataset used for calibration, namely Pr Q and PrEVE of QM , PrECPSC in
E
the entire catchment and Pr Q of QZ . Aggregated ranking values for the best run with
respect to EQ,M and EQ,Z , lowest EVE and best ECPSC , were determined by averaging
the corresponding ranking values according to Equation 6:
1 E
E
PrOA = (Pr Q,M + Pr Q,Z + PrEVE ) + PrECPSC ).
4

(6)

The runs with the highest PrOA were defined as the runs with the best overall performance.
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Soil Parameters
Soil depth, d1
Horizontal saturated hydraulic conductivityb , Ksh
Vertical saturated hydraulic
conductivityc , Ksv
Saturated soil moisture
content, Θs
Residual soil moisture
contentd
Surface and vegetation
parameters
Manning’s coeff.
Crop factor

Unit
0.25–1.5
0.74; 0.31
1e−12 –1e−8
5e−9 ; 3e−9
0.2 × Ksh1

Glacier

0.1–0.3
0.18; 0.07
0.2

1–6
2.9; 1.25
1e−5 –1e−1
5e−2 ; 4e−2
0.2 × Ksh1

Ridges

Surf. Without Veg.

0.15–0.45
0.27; 0.1
0.2

0.75–4.5
2.22; 0.93
1e−5 –1e−1
5e−1 ; 4e−1
0.2 × Ksh1

Steep Slopes

0.03
0.4–1

Slightly Dev. Lands

0.1–0.3
0.18; 0.07
0.2

1.5–9
4.4; 1.87
1e−5 –1e−1
5e−2 ; 4e−2
0.2 × Ksh1

High Alpine

Table 5: Summary of the soil parameters.
m

0.2–0.6
0.35; 0.13
0.2

Unprod. Veg.

0.025
0.4–1

–

–

m h−1

m h−1

Alp. Pastures

0.03
0.4–1

ira
m; σ a
ir
m; σ

Unit

0.35
0.4–1

ir
m; σ
const.

–
–

a
ir
stands for initial range; m stands for mean of 10 best parameter sets, and σ stands for the standard deviation of the respective
mean.
b
Ksh values were generated from a log-uniform distribution for Monte Carlo runs.
c
In order to minimize the number of parameters to be varied Θr1 was kept constant and Ksv was made dependent on Ksh
Θr was kept constant to minimize varying model parameters.

d
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threshold air temperature for melt
threshold air temperature for precipitation state transition (solid/fluid)
threshold temperature for Nday c
temperature gradient with elevation
temperature decrease over glacier area
shortwave radiation factor
temperature factor
first albedo factor
second albedo factor
glacier ice albedo
average basin wide ground albedo
storage constant for snow melt and rain
on glaciers
storage constant for ice melt and channel
inflow of glaciers
precipitation gradient with elevation
from May to Oct
precipitation gradient with elevation
from Nov to Apr
−2 to +2
0.002–0.007
0–2
0–14
0–400
0.7–1
0.1–0.2
0–0.4
0.2–0.3
5–100
5–100
0.01–0.06
0.055–0.33

◦C

m we m2 W−1 h−1
m we ◦C−1 h−1
–
–
–
–
h
h
m−1
m−1

◦C

◦C m−1

−2 to +2
−2 to +2

Value Range

◦C
◦C

Unit

0.2663

0.0484

51.35

−0.926
0.006
1.231
0.0122
0.1046
0.9377
0.1334
0.1221
0.2512
51.97

−0.926
−0.926

ma

b

m stands for the mean of the 10 best parameter sets.
σ stands for the SD of the mean of the 10 best parameter sets.
c
Tt , Tt,P , and Tonset were set equal to minimize numbers of parameters to be varied. Nday was kept constant at 1 day.

a

wi
Pprec

su
Pprec

Kice

Tonset
Tgrad
Tmod
SRF
TF
p1
p2
αG
αground
Ksnow

Tt
Tt,P

Parameter

Table 6: Summary of the melt parameters required by the melt model component of TOPKAPI.

0.0395

0.0072

21.76

0.474
0.0006
0.7059
0.0012
0.0463
0.0510
0.0272
0.1109
0.0358
26.35

0.474
0.474

σb
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To keep computational time at a reasonable level, we limited the calibration period to
one representative average year (1 January 2004 to 31 December 2004), only in order
to challenge the model by surveying its performance during an 8-year evaluation period
(2001–2008), including the extreme heat wave of the year 2003 (Schär et al. 2004). In
order to initialize the water content in soil and streams, as well as the seasonal snowpack,
we included in each calibration run a 12 month spin up period.
3.3.4 Climate and Glacier Forced Hydrological Projections and their
Uncertainty
Future hydrological projections are subject to uncertainty due to (i) natural climate
variability, (ii) uncertainty in anthropogenic climate forcing by the emission of greenhouse
gases, (iii) uncertainty in the formulation of climate models, (iv) parameter uncertainty
(calibration and setup) in hydrological models, and (v) uncertainty in the future projection
of glacier extent.
As argued in Subsection 3.1, emission scenario uncertainty is not a focus of our study,
as only the A1B emission scenario is used (Nakicenovic et al. 2000). Uncertainties in
the formulation of GCMs and RCM are regarded by applying a set of seven different
GCM-RCM combinations (Table 3). Uncertainties due to internal variability of the GCMs
and RCMs are not regarded separately, but are to some degree implicitly included in the
different GCM-RCM combinations. The seven climate scenarios adequately represent
the uncertainty of state-of-the-art RCM projections, as discussed in Subsection 3.1.
Natural climate variability is intrinsically sampled by assessing the interannual variability
within the projected 28-year time periods (Subsection 3.4.2). As TOPKAPI computes
distributed global radiation internally, with a user defined daily cloud factor, we projected
cloud factors for future time periods based on the projected daily mean global radiation
divided by the 28-year maximum of the specific monthly global radiation up to the end
of the 21st century.
Concerning the uncertainty in future projections of glacier extent, the glacial retreat
is predicted by simulations presented by Farinotti et al. (2012). The average horizontal
retreat in most areas is less than 25 m per year, making it only possible to account
for glacier retreat in decadal intervals, as the spatial resolution of our model is 250 m.
Accordingly, in order to account for uncertainty in future projections, we force the
hydrological model for the medium-term time period with the extents projected by
Farinotti et al. (2012) of the years 2040, 2050, and 2060 and for the long-term time period
with the extents of 2070, 2080, and 2090 (Figure 1). As standard deviations of the ten
projected glacier extents for a particular decade are smaller than the 28-year change of
glacierized area Farinotti et al. (2012), it can be assumed that the three glacier extents
for each time period adequately account for uncertainty in the glacier extent projections.
Parameter uncertainty in the hydrological model is sampled by using the 10 best
model parameter sets, defined by the highest PrOA (Equation 6). Finger et al. (2011)
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demonstrated that reducing the number of considered best parameter sets to 10 increases
the uncertainty of parameter estimation. By using only the 10 best parameter sets,
we assess a higher uncertainty as if we considered more parameter sets, making the
uncertainty due to parameter estimation rather large. Uncertainty due to the specific
structure of TOPKAPI could not be assessed, as this would require the application of
hydrological models with different structures, which is not the objective of the present
study.
The 7 climate scenarios, 10 plausible hydrological model parameter sets, and 3 glacier
extents were used to perform hydrological projections for (i) a current reference time
period which covers the decade before and after the evaluation period, namely from 1992
to 2019, (ii) a medium-term future time period, from 2037 to 2064, and (iii) a long-term
future time period from 2071 to 2098. Altogether we performed for each of the two future
time periods 210 projections, which allow us to perform a comprehensive uncertainty
analysis as discussed in Subsection 3.4.2. Similarly to the calibration procedure, all runs
were started 2 years earlier to obtain an adequate spin up period.

3.4 Uncertainty Analysis of the Model Chain
3.4.1 Uncertainty of Mean Discharge
The uncertainty analysis focuses on the change of future total inflow into Mattmarksee
compared to present total inflow (∆QM = QM,future time period − QM,present time period ) since
it is the most important result of our study with regard to future hydropower production.
The global uncertainty of ∆QM was assessed by first computing climatological monthly
averages for the two projected future time periods (medium term and long term) of QM for
all 210 projected simulations, defined thereafter as the multi-simulation mean. Likewise,
multi-simulation climatological monthly averages for the reference time period of QM
were computed, using the observed glacier extent from 2010. Subsequently, monthly
∆QM for each of the future time period and simulation is computed by subtracting the
climatological monthly mean QM of the current reference period from the 28-year monthly
average QM of the respective future time period. Hence, global uncertainty for each
month in the future time period is given by the variance of the 28-year multi-simulation
average ∆QM .
In order to partition the global uncertainty into the uncertainty generating components,
we performed an ANOVA of ∆QM for the two future time periods, as described by von
Storch and Zwiers (2001). The three-way ANOVA analysis was performed regarding the
three components of uncertainty, namely (i) the 7 climate scenarios, (ii) the 10 model
parameter sets, and (iii) the 3 glacier extents. Based on the 210 projected monthly
changes for each of the two future periods and the three uncertainty components, monthly
sum of squares for each component were determined. Furthermore, monthly sums of
squares concerning the nonlinear interaction between factors and the residual error are
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computed. In order to determine the contribution of each specific component, interaction
term, and residual error to the global uncertainty, the corresponding ratios between
component specific sum of squares and total sum of squares are calculated. This allows
us to allocate the monthly uncertainty propagated to the end result by each uncertainty
generating component, the interaction of components, and the residual error.
3.4.2 Uncertainty of Discharge Due to Natural Climate Variability
Natural runoff in Alpine regions is characterized by high interannual variability, as each
year is characterized by different climatic patterns (Bartolini et al. 2009; Lambrecht and
Mayer 2009). Furthermore, some state-of-the-art RCMs indicate increasing interannual
variability for the Alpine region with ongoing climate change (Heinrich and Gobiet 2012).
In order to demonstrate how long-term changes in the mean compare to the interannual
variability we compare the climatological mean of the two future periods with their
interannual variability. Similar to the uncertainty analysis described in Subsection 3.4.1,
we first computed the climatological monthly mean values of the reference period for each
simulation. Subsequently, interannual variation of the monthly ∆QM was determined by
subtracting the climatological monthly mean values of the reference period from the 28
monthly mean QM of the respective future period for each year of the 210 simulations.
Interannual variability is then defined as the square root of the multi-simulation averaged
variance of the ∆QM values.

4 Results
4.1 Evaluation of Hydrological Model Performance
The performance of the hydrological model is assessed during an 8-year period from 2001
to 2008, including the calibration year 2004. The ensemble of the best 10 simulations
(out of the 10 000) with the highest PrOA (Equation 6) corresponds to those runs which
reveal best performance regarding EQ of total water inflow to Mattmarksee (QM ) and
water collected at Zermeiggern (QZ ), lowest EVE of QM and best daily snow cover extent
in the entire catchment. In Figure 4 and Figure 5 the model performance regarding lake
level of Mattmarksee, natural and diverted inflow into Mattmarksee, natural discharge
collected at Zermeiggern, total water released from the reservoir, accumulative water
released from reservoir, discharge observed at Visp, and correctly predicted snow cover
ratio are illustrated for the calibration period and the evaluation period, respectively.
Numerical values of the efficiency criteria are summarized in Table 7, distinguishing
between calibration period and validation period.
As the model is driven by observations of L, simulated L almost perfectly matches
observed L. Accordingly, the Nash values for L are close to 1 (Table 7). More importantly,
the total inflow to Mattmarksee is also very well predicted by the model. During the
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Figure 4: Model performance of the 10 best MC simulations with the best overall performance
PrOA during the calibration year 2004. (a) Illustrates lake level of Mattmarksee, (b) shows total
water amount available for hydropower, (c) depicts runoff collected at location Z, (d) depicts
water released at Stalden, (e) demonstrates the accumulative error of simulated water release
in Stalden, (f) pictures discharge in Visp, and (g) illustrates the ratio of correctly simulated
snow cover in the entire catchment. Grey area indicates the range of the 10 best MC runs.
Error bars in (g) show the standard deviation from the mean correctly predicted snow cover if
it is greater than 0.
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Figure 5: Model performance of the 10 best MC simulations with the best overall performance
PrOA during the entire evaluation period (2001–2008); striped area marks the calibration period.
(a) Illustrates lake level of Mattmarksee, (b) shows total water amount available for hydropower,
(c) depicts runoff collected at location Z, (d) depicts water released at Stalden, (e) demonstrates
the accumulative error of simulated water release in Stalden, (f) pictures discharge in Visp,
and (g) illustrates the ratio of correctly simulated snow cover in the entire catchment. Grey
area indicates the range of the 10 best MC runs. Error bars in (g) show the standard deviation
from the mean if it is greater than 0.
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Figure 6: Observed lake level and daily mean lake level used for future hydrological projections.

calibration year 2004 and during the entire evaluation period, mean Nash values of 0.81
and 0.78 are obtained, respectively. As illustrated in Figure 4 and Figure 5b, efficiency is
particularly reduced during and after heavy precipitation events. We discuss possible
reasons for this discrepancy in Section 5. However, the seasonal dynamics are predicted
very well. Total water collected at the pumping station Zermeiggern (QZ ) is also predicted
reasonably well, revealing mean Nash values of 0.83 during calibration and 0.72 during the
entire evaluation period. In particular, QZ is overestimated during heavy precipitation
events as well as during strong melting periods in summer. As a consequence of the
good agreement of simulated total water input into Mattmarksee, discharge released by
the hydropower company at Stalden (QS ) is also simulated adequately (Figure 4d and
Figure 5d). Deviations of simulated QS from observed QS are a direct consequence of
discrepancies in the input to Mattmarksee. Accordingly, QS is slightly overestimated in
May and June, but underestimated in August and September. Although the accumulative
errors of QS may become important for short time periods (Figure 4e), they are averaged
out over the course of several years (Figure 5e). While the mean volume error of predicted
QS during the calibration year 2004 is 12 % of the observed QS , it is significantly less
over the entire 8-year evaluation period, accounting for about 3 % of observed QS
(Table 7). Hence, short term errors in QS are averaged out by the model over longer
time periods, revealing the robustness of the model calibration. Efficiency of discharge
at Visp (QV ) shows similar model efficiency as observed for QS . Errors revealed in QS
during the summer time are propagated down to the gauging station in Visp, leading
to an overestimation during May and June and an underestimation in July and August.
Generally, QV is underestimated by the model, indicating inadequate model parameters
for the western side valley, which was, however, not subject to model calibration.
Finally, snow cover extent is predicted with a mean efficiency of over 0.83 throughout
the calibration and evaluation period. The good performance of snow cover and natural
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discharge during the entire evaluation period confirms that the calibration is adequate
for both wet and dry years. This supports the suitability of the model for climate change
projections, as also discussed by Finger et al. (2011). The mean values of the 10 best
parameter sets (Table 5 and Table 6) turn out to be similar to those values obtained by
Finger et al. (2011), indicating that the determined values are physically plausible. In
particular, the values of SRF and TF are different from the values found by Finger et al.
(2011), but are very similar to the values determined deterministically by Carenzo et al.
(2009) for the adjacent study site Haut Glacier d’Arolla.

4.2 Climate Change Impact on Hydrology
In Figure 7 climatological monthly mean values of relevant projected variables are
illustrated for the three time periods: (i) reference period from 1992 to 2019; (ii) mediumterm projection from 2037 to 2064, and (iii) long-term projection from 2071 to 2098.
Based on our hydrological projections, the seasonal run off generation dynamics will
significantly change in the Vispa valley. Glaciers will continuously decrease until they
almost disappear by the end of the 21st century (Figure 1). While temperature and global
radiation are expected to increase throughout the entire year (Figure 7a and Figure 7c), it
is difficult to define distinct trends in precipitation patterns (Figure 7b). As a consequence
of warmer temperatures, snow melt will occur earlier in the year and generate less runoff
in the second half of the year (Figure 7d). The most eminent changes will be driven by
the shrinking of the glacier extents in the entire catchment, which will lead to a decrease
of glacier runoff throughout the 21st century (Huss et al. 2008; Farinotti et al. 2012). This
projection is in accordance with the observations throughout the last 10 years, which show
an average decline of QM and QZ of 102 km3 a−1 to 4000 km3 a−1 , respectively (Figure 5b
and Figure 5c). Based on the model projections, the decline of QM and QZ will continue,
as illustrated in Figure 7f and Figure 7g. While the increased snow and ice melt in
spring will lead to enhanced runoff in spring, runoff in the second half of the year will be
significantly lower. Subsequently, this seasonal shift will impact hydropower production.
The water released at Stalden entirely depends on the hydropower operational rules,
defined in the model by the water level in Mattmarksee (Figure 7h). The projections
indicate that runoff water will be sufficient to fill Mattmarksee until the middle of the
century, but water deficiencies will occur by the end of the century. These simulations
rely on mean lake level observations as illustrated in Figure 6. In order to obtain similar
lake level as today, future hydropower production will have to be significantly reduced
during the second half of summer, while more power can be produced during spring
(Figure 7i). This will of course significantly impact the river flow at Visp, leading to an
additional shift of summer runoff to the winter months (Figure 7j).
Table 8 summarizes the expected changes based on the presented projections. The
greatest change over an entire hydrological cycle is expected in QIM , which is expected
to be reduced by one third by the mid century and halved by the end of the century
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QS b
QS
QV d
QV

EVE (106 m3 a−1 )
RVEc (−)
EVE (106 m3 a−1 )
RVEc (−)

S
S
V
V

4
Z
Entire site
M
4

Location

7
0.032
−100
−0.19

0.78
0.72
0.83
1

Used for Calibration
0.81
0.87
0.81
0.83
0.93
0.69
0.84
0.84
0.84
1
1
1
26
3
Only used for evaluation
26.8
45.5
12.0
0.12
0.21
0.05
−73.5
29.4
−138
−0.14
0.06
−0.26

Mean

Max

Min

Mean

20.5
0.09
56.2
0.11

0.86
0.84
0.83
1

Max

−25.8
−0.12
−170.4
−0.32

0.71
0.45
0.83
1

Min

Evaluation Period (2000–2008)
(Excluding Calibration Year 2004)

L was used to drive the model (Equation 1), accordingly it was not used for calibration and gives a perfect fit as long as there is
enough water in the reservoir.
b
Observed QS in 2004 was 221 × 106 m3 a−1 and 218 × 106 m3 a−1 for the entire calibration period.
c
RVE is the annual ratio of simulated accumulated discharge and observed accumulated discharge.
d
Observed QV in 2004 was 486 × 106 m3 a−1 and 533 × 106 m3 a−1 for the entire calibration period.

a

QM
QZ
SC
La
QM

Variable

EQ,M (−)
EQ,Z (−)
ECPSC (−)
EL (−)
EVE (106 m3 a−1 )

Criterion

Calibration Year (2004)

Table 7: Efficiency of the ensemble of plausible hydrological simulations.
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Table 8: Multi-simulation mean of the relative changes of selected variables compared to the
present reference time period.

Variable

a

Mean Annual Change

Mean Low
Flow Change

Mean Melt
Season Change

T (◦C)a
P (−)
I(−)
QSM (−)
QIM (−)
QM (−)
QZ (−)
QV (−)
QS (−)

Medium Term Projections (2037–2064)
1.81
1.27
0.01
0.05
0.09
0.09
−0.05
0.33
−0.34
−0.01
−0.17
0.75
−0.05
0.76
−0.07
0.15
−0.17
0.08

2.41
−0.13
0.09
−0.11
−0.33
−0.23
−0.14
−0.25
−0.38

T (◦C)a
P (−)
I(−)
QSM (−)
QIM (−)
QM (−)
QZ (−)
QV (−)
QS (−)

Long Term Projections (2071–2098)
3.25
2.24
0.01
0.12
0.12
0.14
−0.11
0.64
−0.67
−0.22
−0.33
1.45
−0.19
1.40
−0.25
0.26
−0.33
0.14

4.36
−0.12
0.11
−0.24
−0.67
−0.45
−0.33
−0.54
−0.62

For air temperature the absolute change is given, while all other values are relative changes compared to average of the present time period (1992–2019).

(Table 8). Slightly lower QSM and the reduction of QIM is expected to reduce QM and
subsequently QS by about 17 % by mid-century and 33 % by the end of the century. In
turn, snow melt is expected to increase by one third by the middle of the century and
half by the end of the century during the low flow season. Nevertheless, all modeled
hydrological variables are expected to decrease during the melt season. The reduction of
QIM by one third by the middle of the century and one half by the end of the century
will directly affect QS and subsequently QV . According to these results, hydropower
production is expected to decrease by over half by the end of the century during the
summer months.
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Figure 7: Monthly mean values of 10 selected variables for the three investigated time periods: (i)
current reference time period (1992–2019), (ii) medium-term future time period (2037–2064),
and (iii) long-term future time period (2071–2098).

4.3 Uncertainty Analysis of the Hydrological Projections
4.3.1 Uncertainty of Mean Discharge
The multi-simulation monthly mean ∆QM (mean of all 210 simulations) and its standard
deviation for the medium- and long-term future period are illustrated in Figure 8a. Global
uncertainty, namely the standard deviation of all 210 projections, remains below 3 m3 s−1
in the middle of the century and below 2.5 m3 s−1 at the end of the century, which is
during July and August, when melt reaches its maximum, clearly less than the mean
projected change ∆QM . As expected, uncertainty of the climate projections generates
the largest uncertainty during the low flow season (October to April), as illustrated in
Figure 8b and Figure 8c, which is based on the ratio of the sum of squares between specific
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Figure 8: In (a) the multi-simulation mean projected change in total input into Mattmarksee,
∆QM , based on the 7 climate scenarios, 10 plausible parameter sets of the hydrological model,
and 3 glacier extents of the relevant time periods are illustrated. The whiskers represent the
standard deviation of the 210 projections. In (b) and (c) the relative contribution of the
individual modeling components to the global uncertainty for the medium- and long-term
future time period is illustrated.
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Figure 9: Interannual variability, illustrated as the standard deviation of the mean of 28 monthly
averages of ∆QM each one representing one particular year in the future time period. In (a)
the mean projected change in total input into Mattmarksee, ∆QM , is illustrated. The whiskers
represent the standard deviation of the mean of the 28-year period. In (b) the standard
deviation of the mean for the medium- and long-term time period are visualized.

uncertainty sources and the total sum of squares. Up to mid-century, uncertainty due to
the glacier extent is the largest source of uncertainty during the ice melt season (July
and August). At the end of the century, when glacier extents have retreated drastically,
the uncertainty generated by hydrological model parameters becomes dominant during
the melt season, indicating that the equifinality problem becomes only relevant once
glacier extents have retreated significantly. Variance contribution due to the non-linear
interaction between the different uncertainty sources and nonexplained variance is very
low throughout the year.
Moreover, in May, July, August, and September the uncertainty produced by the 210
simulations remains below the absolute value of the projected differences (Figure 8a),
indicating that the projected changes are significant.
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Figure 10: Multi-simulation monthly mean runoff exceeding maximum capacity of the water
intake in Saas Fee.

4.3.2 Uncertainty of Discharge Due to Natural Climate Variability
Meteorological and hydrological long-term trends are only significant if the trends are
stronger than the natural variability of the respective annual cycle. In Figure 9a multisimulation monthly mean ∆QM of all 210 simulations is visualized (same as in Figure 8a)
including error bars illustrating the respective standard deviation of 28 years of interannual
variability. While the small changes during low flow season are smaller than the respective
standard deviation, reduced ice melt in July, August, and September leads to significant
changes in the runoff. As expected, largest interannual variability is projected in spring
and fall, when ice melt and precipitation events lead to high variability in runoff generation
(Figure 9b). Towards the end of the 21st century, variability is expected to increase
particularly in spring and decrease in July and August, when glacier melt will be
significantly reduced. We will discuss these circumstances and relate them to the different
components of the hydrological cycle in Section 5.

4.4 Impacts of High Water Events on Hydropower Production
Particular attention should be given to the frequency and the intensity of heavy precipitation events, as these are expected to increase with climate change (Milly et al. 2002;
Luterbacher 2004). This is especially important for hydropower production, as water
intakes in the Vispa valley are constructed to meet present runoff (Table 4). Particular
attention should be given to the water intake close to the village Saas Fee (Figure 1),
as even today it is continuously overstrained during melt season (K. Sarbach, personal
communication, KWM). The mean amount of excess water which cannot be collected
at the water intake at Saas Fee, is illustrated in Figure 10. Today, most of the water is
lost during the melt period, when ice and snow melt generate peak runoff. The annual
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amount of excess water is not expected to change significantly during the course of the
century, however, a seasonal shift is expected. By mid-century, most of the excess water
is expected during heavy precipitation events in October and November (Figure 10).
Heavy precipitation events in fall are expected to become even more frequent at the end
of the century (Figure 7b), while air temperature is expected to increase by almost 3 ◦C
(Figure 7a). As a consequence, projected runoff is expected to increase drastically during
fall, as shown for the illustrative example at the water intake of Saas Fee (Figure 10).
This result indicates that in the future peak runoff due to heavy precipitation events will
become more important, while the rather constant runoff of ice melt during summer will
decrease significantly.

5 Discussion
Numerical projections based on future climate scenarios will always remain a partial
description of natural processes influenced by climate change. Nevertheless, such projections remain the only possible way of projecting future changes. By using a stochastic
model calibration, we take into account that the calibration of our physically based
hydrological model is susceptible to the well-known equifinality problem (Beven and
Binley 1992; Beven 2006), as different parameter sets reveal similar performances for the
evaluation period, but lead to different projections under a changing climate.
Nevertheless, our model setup leads to some discrepancies from observed data, in
particular to overestimation of runoff generation in spring and underestimation during
high summer (Figure 4 and Figure 5; subplots b and c). The most eminent explanation
for the discrepancies comes from the multivariable calibration technique: we calibrate our
model with four criteria (EQ,M , EQ,Z , EVE , and ECPSC ). Accordingly model efficiency of
one variable is lost in a tradeoff with model performance of other criteria. Furthermore,
as already discussed by Finger et al. (2011), one weak point of TOPKAPI is the constant
temperature gradient, which is in contradiction with observed seasonally varying temperature gradients in the region (Rüedlinger 2010). Indeed, in reality temperature gradients
are lower in spring and higher in summer, which partially explains the overestimation in
spring and underestimation in summer of melt runoff. A further source of error could
also emerge from the tipping-bucket precipitation gauge used in Visp and Zermatt which
underestimates solid precipitation by ∼20 % compared to electronic weighing gauges
(Savina et al. 2012). Finally, high water events are difficult to simulate, particularly
because it is practically impossible to determine the maximum capacities of the water
intakes. During heavy precipitation events, sediment and gravel can partially block the
intakes while elevated hydrologic pressure may increase the theoretical water flow, making
an exact determination of the maximum capacity impossible. Nevertheless, an error
within the maximum capacities of water intakes is directly propagated to simulated water
input to Mattmarksee. A further possible source of error is the rarely applied procedure
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of the hydropower company to release water from Saas Fee and Riedbach directly to
Stalden (Table 4) instead of first diverting it to Zermeiggern.
Even with a perfectly calibrated hydrological model, projections of future water
resources rely on the accuracy of the applied climate scenarios. A comparison of the
seven selected climate scenarios used in this study reveals large uncertainty within the
projected changes (Figure 3). Evidently, this uncertainty is propagated to the results of the
hydrological model (see Figure 8). The uncertainty of the selected scenarios is particularly
important in spring during snow melt and in fall when heavy precipitation events lead to
runoff. Nevertheless, the climate scenarios used in this study are representative for the
state of the art of regional climate change projections.
In this study, glacier extent projections rely on the results presented by Farinotti et al.
(2012), as TOPKAPI cannot account for glacier dynamics and retreat. Although these
results were obtained with a different modeling approach, the continuous and gradual
retreat of glacier extents, along with the coarse spatial resolution of 250 m of our model,
make this approach valid. As expected, the uncertainty of the glacier extent is the
major uncertainty source during July and August when primarily ice melt leads to runoff
generation. By the end of the century, this uncertainty will become less important, as ice
melt contribution will have diminished due to the retreat of the glaciers. Furthermore,
the retreat of the glacierized area will also affect the suspended sediment loads eroded
beneath the glaciers leading to siltation of reservoirs, as investigated by Finger et al.
(2006); Haritashya et al. (2010) in other glacierized study sites.
Interannual variability of the climate is independent of modeling performance, as it
is simply due to the chaotic nature of the climate system. However, future climate
projections indicate increasing interannual variability for the Alpine region with ongoing
climate change for some state-of-the-art RCMs (Heinrich and Gobiet 2012). Climatological
and hydrological trends over several decades can therefore only be of statistical nature,
making a deterministic projection for a specific year impossible. Nevertheless, the
projected trends during glacier melting months indicate that mean ∆QM is larger than
its respective standard deviation of interannual variability (Figure 9a). This suggests
that the projected changes are strongly significant and that glacier retreat will drastically
impact the runoff in July, August, and September.
As all our simulations rely on the A1B emission scenario, our results do not take uncertainty due to different emission scenarios into account, so that the overall uncertainty due
to climate projections is underestimated. Given that future greenhouse gas emissions are
the product of very complex dynamic systems, depending on socioeconomic development,
and technological change, their future evolution is very uncertain (Nakicenovic et al.
2000). Nevertheless, the A1B scenario describes a world that has rapid economic growth,
quick spreading of new and efficient technologies, and a global population that reaches 9
billion by the mid-century and then gradually declines, it seems to be a realistic scenario
for future projections.
Considering that our projections are based on state-of-the-art RCM scenarios and
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accounting for the discussed uncertainties, we could demonstrate that the presented future
changes in runoff generation are statistically significant. Nevertheless, our results remain
projected trends and not deterministic forecasts. It is very probable that increasing air
temperature will lead to enhanced snow melt in spring and drastic reduction of ice melt,
due to a drastic retreat of the glaciers. Based on these projections up to the end of
the 21st century, it is expected that water supply will increase during winter but will
be insufficient to completely fill Mattmarksee during the melting season. Accordingly,
hydropower companies will have to adapt their energy production to the altered hydrology.
Particular attention should be given to the peak flow frequencies, during which many
water intakes are overstrained. For example, today the water intake at Saas Fee is
continuously overstrained during the strong melt season in summer. In the future, the
water intake is expected to be rather overstrained during heavy precipitation events in
fall. In order to anticipate such changes in the runoff generation, the infrastructure of
hydropower companies should be adapted to heavy precipitation events, rather than to
strong melt periods.
Overall, our integrative modeling approach—combining state-of-the-art climate projections, dynamic glacier modeling, and hydrological modeling accounting for water storage
in reservoirs and river diversion—proved to be a powerful tool to project future water
resources for hydropower production. In view of an expected intensification of hydropower
production in the future, such modeling approaches can provide helpful information for
water strategists to anticipate the impacts of projected climate change.

6 Conclusions
The impacts of climate change on future water resources and its subsequent effects
on hydropower production during the 21st century were assessed using an integrative
modeling approach which allowed to simulate complex hydropower operations in an
Alpine catchment. For this purpose hydropower operational rules were implemented
in the fully distributed, physically based hydrological model TOPKAPI and future
projections of rainfall and melt runoff generation were performed by coupling glacier
retreat projections from a dynamic glacier model and A1B forced error-corrected and
downscaled RCM climate scenarios to TOPKAPI. Based on 7 future RCM climate
projections, 10 parameterizations of the hydrological model, and 3 projected glacier
extents, the uncertainty of projections for two future 28-year time periods were analyzed
and the major sources of uncertainty were quantified. Based on the presented projections
we could observe (1) a significant temporal shift of the seasonal runoff generation to
earlier months in the year, (2) reduced runoff generation during summer, and (3) the
necessity to adapt future hydropower production to the projected future runoff dynamics.
Furthermore, the results of the uncertainty analysis reveal that, depending on period
and season, any of the three regarded uncertainty components (climate projections,
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hydrological simulations, and glacier modeling) may propagate the largest uncertainty
contribution to the projected total water availability for hydropower production. The
main conclusions can be summarized as follows:
1. Although future climatic and hydrological projections are subject to large uncertainties, the consistent trends observed in all 210 projections are significant in May,
July, August, and September, as mean projected changes are greater than their
variability. The projected changes in July, August, and September are even greater
than projected uncertainty due to interannual climate variability, indicating that
the projected changes will not be overtopped by natural climate variability.
2. The uncertainty analysis revealed that the largest fraction of uncertainty is propagated to the end result (total available water runoff) in spring and fall by climate
model uncertainty and in summer by glacier extents until the middle of the century,
and by hydrological model parameters at the end of the century. Although the
absolute values of our projections have to be considered with due diligence, the
general projected trends are significant and the results represent the best possible
projections based on currently available RCM simulations.
3. Based on the presented projections, total runoff generation for hydropower production will decrease during the 21st century by about one third due to the massive
retreat of the glaciers. Until the middle of the 21st century, runoff will remain sufficient to fully fill the Mattmarksee under current hydropower production schemes. In
the second half of the 21st century, hydropower production will have to be reduced
during the summer months in order to fully fill Mattmarksee. The reduction of ice
melt will not be compensated by the potential increase of precipitation.
4. The seasonal dynamics of the seasonal runoff dynamics will significantly change in
the future. In the future the melt season will start earlier in the year, but in the
second half of the melt season water runoff will be drastically reduced because of
the glacier retreat and the advanced snow melt in the spring months.
5. The seasonal shift of the hydrological cycle and the reduced ice melt generation will
very likely force hydropower companies to adapt new water management strategies.
The new strategies have to take into account that ice melt in summer will be
drastically reduced, but the frequency of heavy precipitation events during fall will
increase. Accordingly, the current practice of hydropower companies, of producing
maximum energy during winter and relying on ice melt to fill the reservoirs, might
be jeopardized by the end of the century.
6. By mid-century, high water events due to heavy precipitation events are expected
to become more frequent than today, leading to an increase of water loss due to
overflow at some water intakes during fall. While today most water is lost during
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strong melt periods in summer, the future dynamics of hydrology will lead to
overflows in particular during heavy precipitation events in fall. This represents
new challenges for hydropower companies to adapt their infrastructures accordingly.
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Summary and Conclusions
his thesis investigated expected regional climate change and the associated uncertainties of state-of-the-art Regional Climate Model (RCM) projections for Europe
with special focus on the Alpine region.
In order to take into account the considerable uncertainties related to future climate
projections, the most recent and comprehensive multi-model RCM ensemble of the largescale European EU-FP6 project ENSEMBLES played a dominant role in this thesis. The
ENSEMBLES database comprises a set of 22 high resolution RCM simulations until the
mid of the 21st century (2050), 15 of them ranging until the end of the century (2100). The
projections are based on the Special Report on Emission Scenarios (SRES) A1B emission
scenario and have a horizontal resolution of about 25 km. Missing realizations within
RCM ensembles are currently unavoidable due to computational constraints and the
design of the ensemble determines which uncertainty components are primarily tackled.
In case of the ENSEMBLES Multi-Model Ensemble (MME), the experimental design
mainly addresses uncertainty in Lateral Boundary Conditions (LBCs) (i.e., choice of the
driving General Circulation Model (GCM)) and RCM model formulation (Christensen
et al. 2010). Uncertainty due to the choice of the Greenhouse Gas (GHG) emission
scenario is not regarded as it is less important until the mid of the 21st century (Hawkins
and Sutton 2009, 2011; Prein et al. 2011) and uncertainty due to natural variability is
only implicitly regarded in the ensemble by using different driving GCMs. Hence, three
of the four major uncertainty components are at least roughly covered by the ensemble.
A rough estimate to which extent the overall uncertainty is underestimated by using only
one emission scenario can be obtained from Prein et al. (2011), who showed that emission
scenario uncertainty over Europe is small in the first half of the 21st century, but becomes
considerable towards the end of the century (30 % to 40 % of the total uncertainty of
temperature).
Paper A focused on the statistical reconstruction of the missing realizations of the
ENSEMBLES simulation matrix until 2050 in order to assess and compensate the GCM
sampling bias of the ensemble with respect to the full set of potential driving GCM
simulations of The Third Phase of the Coupled Model Intercomparison Project (CMIP3).
Several additive and scaling data reconstruction methods were tested, and according
to an Leave-One-Out Cross-Validation (LOOCV), the most appropriate reconstruction
method was selected in order to fill the missing values of the ENSEMBLES simulation
matrix and to further extend it by all available CMIP3 GCM simulations forced by the
A1B emission scenario. The LOOCV identified a randomized scaling approach as superior
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in reconstructing the spread of the ensemble with errors in ensemble mean and standard
deviation mostly below ±0.1 K and ±1 % for air temperature and precipitation amount,
respectively. Differences between original, filled, and extended ENSEMBLES simulation
matrix were assessed in order to identify potential ensemble biases and improperly
estimated uncertainty ranges due to the GCM sampling strategy of ENSEMBLES.
The key findings of this study can be summarized as follows: (1) The estimated
mean climate change signals of air temperature and precipitation amount over Europe
are not altered significantly due to reconstruction in almost all seasons and subregions.
(2) The estimated uncertainty is generally not increased by extension of the ENSEMBLES
simulation matrix to the entire CMIP3 ensemble. In some seasons and subregions it is even
significantly reduced. From the results of this analysis we conclude that expected regional
climate change and the associated uncertainty of the ENSEMBLES RCM projections are
both not underestimated by only using a few driving GCMs, adding substantial weight
to recent climate change impact studies based on the ENSEMBLES projections.
Although RCMs have considerable advantage over GCMs in reproducing regional
climate characteristics, they are also known to feature substantial model errors (e.g.,
Frei et al. 2003; Hagemann et al. 2004; Suklitsch et al. 2008, 2010) which affect the
assessment of climate change impacts. In order to account for errors in RCM simulations,
Empirical-Statistical Downscaling and Error Correction Methods (DECMs) are typically
applied. In this respect, we investigated the performance of Quantile Mapping (QM) in
reducing systematic RCM errors, its ability to generate “new extremes” (values outside
the calibration range), and its impact on the Climate Change Signal (CCS) in Paper B.
The QM procedure was improved by introducing the frequency adaptation in order
to account for a methodological problem of QM which is related to a wet bias after
correction when the dry-day frequency simulated by the model is larger than that of the
observations.
The results confirm the ability of QM in reducing biases of daily mean, minimum,
and maximum temperature, precipitation amount, and derived indices of extremes by
about one order of magnitude and the shapes of the related frequency distributions are
strongly improved. With a simple extrapolation of the error correction function, QM
reproduces “new extremes” without deterioration and mostly improves the original RCM
quality. The CCS of the corrected parameters are only moderately modified by QM
and the changes are related to trends in the scenarios and magnitude-dependent error
characteristics. However, QM largely impacts the CCSs of non-linearly derived indices of
extremes, such as threshold indices.
The expected climate change impacts with particular focus on the associated uncertainties were exemplarily investigated in the context of future dry and wet spells over
Europe (Paper C) and future water resources in a glacierized catchment in the Swiss
Alps (Paper D). In both studies, a representative subset of RCM scenarios was carefully
selected in order to properly sample the uncertainty range of the atmospheric input
parameters spanned by the entire ENSEMBLES MME. Furthermore, empirical-statistical
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downscaling and error-correction was applied to the RCM output via QM in order to
improve the quality for its subsequent application in impact models.
In Paper C, a set of eight RCM simulations from the ENSEMBLES database was
selected in order to capture the uncertainties of the projected changes. QM was applied
to modeled daily mean air temperature and precipitation amount in order to account for
RCM errors. A set of commonly used meteorological drought indices—the Standardized
Precipitation Index (SPI), the Self Calibrated Palmer Z-Index (SCZI) and Self Calibrated
Palmer Drought Severity Index (SCPDSI)—were calculated in order to account for
structural uncertainties in the formulation of drought. Changes in the mean, in interannual
variability, and in frequency, length, distance, magnitude, and area of dry and wet events
were investigated. The statistical significance of the projected multi-model mean changes
and the associated uncertainties were analyzed for nine European subregions. Furthermore,
distributional changes of the dry and wet spell characteristics were assessed.
The results indicate the most pronounced changes towards drier and wetter conditions
in the southern- and northernmost European subregions. In this hot-spot regions, the
changes are highly significant and confident, while the projected changes are more
dissonant for the other subregions. Severe changes in the extremes of event length,
distance, magnitude, and area particularly arise in the southern- and northernmost
European subregions. The projected changes in interannual variability are less significant
and confident. However, significantly increasing interannual variability is projected in
regions with pronounced changes in the mean towards wetter as well as towards drier
conditions.
In Paper D, we investigated the impact of future climate change on water resources and
subsequently hydropower production in downstream hydropower plants in a glacierized
Alpine valley (Vispa valley, Switzerland, 778 km2 ). In order to estimate future runoff
generation and hydropower production, we used a set of seven error-corrected and
downscaled RCM scenarios from ENSEMBLES as well as glacier retreat projections from
a dynamic glacier model and coupled them to a physically based spatially distributed
hydrological model. Furthermore, we implemented all relevant hydropower operational
rules in the hydrological model to estimate future hydropower production based on
the runoff projections. The share of uncertainty of each modeling component (climate
projections, glacier retreat, and parameter uncertainty of the hydrological model) and
the resulting propagation of uncertainties to the projected future water availability for
energy production were assessed using an Analysis of Variance (ANOVA).
The results reveal that the uncertainty of the projected changes is considerable. However, consistent trends are observed in all projections which indicates significant changes
with respect to the current situation. Uncertainty due to the climate projections represents
the largest uncertainty source during the low flow season (October to April). Up to mid
of the 21st century, uncertainty due to the glacier extent is dominant during the ice melt
season (July and August) while at the end of the 21st century, when glacier extents have
drastically reduced, uncertainty generated by hydrological model parameters becomes the
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dominant source during the melt season. Furthermore, the results indicate that future
melt- and rainfall-runoff will increase during spring but decline during summer.
The results of this thesis considerably add to the confidence of previously reported
climate change projections over Europe. They show high confidence of the projected
temperature changes over all of Europe and spatially differentiated precipitation changes
with highly pronounced and confident drier (wetter) conditions in southern (northern)
European regions. The Alpine region is located in the transition zone of this bipolar northsouth pattern which is characterized by a low signal-to-noise ratio for the precipitation
CCSs especially until the mid of the 21st century. Although the focus of this thesis was
on near-term projections until the mid of the 21st century, it should be stressed that
the projected changes are expected to further intensify after the 2050s (e.g., Heinrich
et al. 2013a). In this respect, the projected precipitation changes are expected to further
increase until the end of the 21st century with the most pronounced intensifications in
the southern and northern European hot-spot regions.
A comprehensive review of the projected changes in the Alpine region including the
most important related results produced during the course of this thesis is provided in
Gobiet et al. (2013a). They expect about 0.25 ◦C warming per decade until the mid of
the 21st century and accelerated 0.36 ◦C per decade in the second half of the century.
The warming is expected to be associated with changes in the seasonality of precipitation,
global radiation, and relative humidity, and more intense precipitation extremes and
flooding potential in the colder part of the year. The conditions of currently record
breaking warm or hot winter or summer seasons, respectively, are expected to become
normal at the end of the 21st century, and there are indications that droughts become
more severe in future. Snow cover is expected to drastically decrease below 1500 m to
2000 m and natural hazards related to glacier and permafrost retreat are expected to
become more frequent. However, it has to be noted, that the expected rates of change
in the 21st century are clearly below the observed rates in the past few decades (about
0.5 ◦C per decade). The reason for this could be natural variability, but the amount of
the discrepancy and a study showing systematically underestimated trends in historical
simulations of the ENSEMBLES MME (Lorenz and Jacob 2010) may indicate other
reasons. This can be interpreted as a warning, that the possibility of even stronger
warming than presented here cannot be excluded.
As most of the recent regional climate projections over Europe are based on the
ENSEMBLES MME, the unbiasedness of the ensemble with respect to the GCM forcing
as shown in Paper A substantially adds to the reliability of the projections. With respect to
the statistical reconstruction of the missing RCM realizations in ENSEMBLES, it should
be noted that the favored randomized scaling approach is embedded in the framework
of Multiple Imputation (MI), which allows to reflect the uncertainty introduced by the
reconstruction method itself. However, as the reconstruction procedure is solely based on
CCSs, the reconstructed data generally cannot be directly used to force impact models
as they typically require time series as input. As long as the subsequent application of
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impact models requires large computational resources, the selection of representative
RCM subsamples remains an important prerequisite in order to avoid biased ensemble
estimates. In this respect, data reconstruction methods can help to evaluate sampling
biases with respect to the extended RCM ensemble (e.g., the CMIP3 GCMs in case of
ENSEMBLES).
The RCM selection in this thesis was based on rather simple exploratory data analysis
of the projected changes in the atmospheric input parameters for the impact models.
Although this was a first important step towards model selection for climate change
impact assessments, there is still huge potential to develop optimal model selection
algorithms. Another interesting research question which emerged during the thesis is
the systematic effect of model errors on expected climate change and its uncertainty
of an MME. DECMs aim at removing model errors by relating the simulations with
observations and, therefore, provide an alternative approach to the traditional strategy
of model weighting for which it could not yet be clearly demonstrated that weighted
model ensembles have advantages over unweighted ensembles (e.g., Déqué and Somot
2010; Knutti et al. 2010). In this respect, it could be already shown that the expected
temperature change is overestimated in the central Mediterranean by up to 1 ◦C (Boberg
and Christensen 2012) and that there is some potential to constrain the uncertainty of
MMEs by such an approach (Gobiet et al. 2013b). However, further investigations on
this topic are necessary in order to underpin these findings. Although QM as a DECM
was improved by introducing the frequency adaptation in the course of this thesis, it was
recently also shown that further improvements of QM concerning the spatio-temporal
structure of the corrected time series are necessary in case that the observations are of
much higher resolution than the RCM (Maraun 2013).
The next generation MME of highly resolved RCM simulations for Europe with a
horizontal resolution of only 12 km is currently produced in EURO-CORDEX (Gobiet
and Jacob 2011, http://www.euro-cordex.net/) and will provide the main basis for
the analysis of regional climate projections in the upcoming years.
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Abstract:
The observed changes in the climate system due to human activities immediately raise the question of
their future impacts on society and environment. In order to estimate the impact of future climate
change at regional scales, spatially detailed climate scenarios are required which can be obtained by
applying Regional Climate Models (RCMs). However, future climate projections are subject to
considerable uncertainties which have to be taken into account by analyzing an appropriate ensemble
of climate simulations.
This thesis investigates the most recent and comprehensive RCM scenarios from the European EUFP6 project ENSEMBLES with respect to expected regional climate change and associated
uncertainties for Europe with special focus on the Alpine region.
One part of the thesis analyzes the RCM ensemble with regard to potential biases introduced by the
sampling strategy of driving General Circulation Models (GCMs) in ENSEMBLES. Statistical
reconstruction methods are used in order to fill the missing realizations of the original ensemble and to
further extend it by the much larger ensemble of possible driving GCMs of CMIP3. The results reveal
that the ensemble is not significantly biased with respect to mean and variability, confirming the
robustness of the ENSEMBLES projections.
The other part of the thesis exemplarily investigates the expected impact of future climate change and
particularly focuses on the associated uncertainties concerning future dry and wet spells over Europe
and future water resources in a glacierized catchment in the Swiss Alps. In both studies, a
representative subset of RCM simulations is carefully selected in order to properly sample the
uncertainty range spanned by the entire ENSEMBLES multi-model ensemble. Empirical-statistical
downscaling and error correction via Quantile Mapping is applied in order to improve the quality of the
RCMs for their subsequent application in climate change impact studies.
Zum Inhalt:
Die durch menschliche Aktivitäten verursachten Veränderungen im Klimasystem werfen unmittelbar
die Frage auf, inwiefern sich diese in Zukunft auf Umwelt und Gesellschaft auswirken werden. Um die
zukünftigen Auswirkungen des Klimawandels auf regionaler Ebene abschätzen zu können, werden
räumlich hochaufgelöste Klimaszenarien benötigt, die mit Hilfe von regionalen Klimamodellen (RCMs)
erzeugt werden können. Die Abschätzung der mit den Klimaszenarien verbundenen Unsicherheiten
spielt dabei eine wesentliche Rolle und stützt sich üblicherweise auf ein geeignetes Ensemble
unterschiedlicher Klimasimulationen.
Die vorliegende Dissertation analysiert die derzeit aktuellen und umfassendsten RCM Szenarien vom
europäischen EU-FP6 Projekt ENSEMBLES hinsichtlich der erwarteten Veränderungen und den damit
verbundenen Unsicherheiten auf regionaler Ebene für Europa und im Speziellen für den Alpenraum.
Ein Teil der Arbeit untersucht das RCM Ensemble hinsichtlich statistischer Verzerrungen aufgrund der
limitierten Auswahl von Antriebsdaten durch globale Klimamodelle (GCMs). Dabei werden statistische
Rekonstruktionsmethoden verwendet, um das bestehende RCM Ensemble mit allen zur Verfügung
stehenden GCM Antriebsdaten vom CMIP3 Projekt zu erweitern. Die Ergebnisse zeigen, dass keine
statistisch signifikanten Verzerrungen im Mittelwert und in der Variabilität des Ensembles aufgrund der
ausgewählten GCM Antriebsdaten vorhanden sind und bestätigen somit die Robustheit der
ENSEMBLES Klimaszenarien.
Der andere Teil der Dissertation beschäftigt sich mit den erwarteten Auswirkungen des zukünftigen
Klimawandels, wobei ein besonderes Augenmerk auf die damit verbundenen Unsicherheiten gelegt
wird. Die Auswirkungen der zukünftigen Klimaveränderung werden dabei exemplarisch anhand der
Veränderungen von Trocken- und Feuchtperioden in Europa sowie am Beispiel der Veränderungen
von Wasserressourcen in einem vergletscherten Einzugsgebiet in den Schweizer Alpen demonstriert.
In beiden Studien werden einige repräsentative Klimaszenarien ausgewählt, um den gesamten
Unsicherheitsbereich der ENSEMBLES Szenarien bestmöglich abzudecken. Zur Verbesserung der
Qualität der RCMs als meteorologische Eingangsdaten für die Impaktmodelle kommt „Quantile
Mapping“ als statistische Nachbearbeitungsmethode zum Einsatz
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