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. . . The most naïve description of the scientific method is that you start with
a theory and test it by experiments. . . . You might think that what she

should be trying to do is to design an experiment that will prove her theory
is correct. However, that’s not good science. Good science consists of

designing an experiment that will demonstrate that a theory is wrong – if
it is. So a large part of the scientist’s job is not ‘establishing truths’, it is

trying to shoot down the scientist’s own ideas. And those of others
scientists. This is what we meant when we said that science tries to protect
us against believing what we want to be true, or what authority tells us is

true. It doesn’t always succeed, but that at least is the aim.

— Terry Pratchett, Ian Stewart, Jack Cohen “The Science of
Discworld II: The Globe”





A B S T R A C T

Statistical downscaling and error correction methods are used to im-
prove output from Regional Climate Models (RCMs) for the use in cli-
mate impact research. One such statistical empirical method is Quan-
tile Mapping (QM), which is often used to correct for biases in RCM’s
temperature and precipitation, recently. In this thesis the performance
of QM is investigated when applied to temperature and precipitation,
but also to relative humidity, wind speed, global radiation, and sur-
face pressure.

The main results are that QM strongly reduces the annual and
monthly mean biases and corrects the distributions—independent of
shape—for all variables and RCMs. Even non-stationarities in the bi-
ases cannot hinder the good results of QM. The temporal and inter-
variable structure provided within the RCMs is not manipulated by
QM, which is positive when the RCM’s structure is correct. As strong
deviations from observed inter-variable relations are found in RCMs,
the conservation of those relations produces less convincing results
of QM for combined indices.

The effect of individually quantile-mapped climate variables on de-
rived variables, like number of snow days, snow depth, or tempera-
ture-humidity index (THI) is mostly positive. Derived variables are
sensitive to the day-to-day structure of time-series. The improvement
is not as strong as for directly corrected variables, as QM corrects for
the mean statistics and preserves the day-to-day structure of the RCM.
However, in terms of Nash-Sutcliffe-Efficiency (NSE) no improvement
can be found in most cases.

Generally, QM corrects individual climate variables with convincing
results, but needs further enhancements to improve the inter-variable
relations in RCM output.
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Z U S A M M E N FA S S U N G

Um Klimadaten aus Regionalen Klimamodellen (RCMs) für Klimafol-
genforschung aufzubereiten werden statistische Skalierungs- und Feh-
lerkorrektur-Methoden verwendet. Diesbezüglich besonders geeignet
ist Quantile Mapping (QM), welches in letzter Zeit häufig zur Ko-
rrektur simulierter Temperatur und Niederschlag verwendet wird.
In dieser Arbeit wird zusätzlich untersucht wie gut QM Fehler in
Relative Feuchte, Windgeschwindigkeit, Globalstrahlung und Boden-
druck korrigieren kann.

Zu den Hauptergebnissen zählt die starke Reduktion jährlicher
und monatlicher Fehler durch QM, wie auch die formunabhängige
Korrektur der Dichteverteilungen für alle Variablen und RCMs. Sogar
nicht stationäre Fehler werden mit QM reduziert. Es wird gezeigt,
dass QM die vom RCM vorgegebene zeitliche Struktur und die Be-
ziehungen zwischen Variablen nicht verändert. Allerdings werden
zum Teil große Unterschiede zwischen den beobachteten und den
simulierten Beziehungen zwischen Variablen gefunden. Durch die
Erhaltung der fehlerhaften simulierten Beziehungen können größere
Fehler in Indizes aus kombinierten Variablen erhalten bleiben.

Der Effekt von fehlerkorrigierten Klimavariablen auf davon abgeleit-
ete Variablen ist überwiegend positiv, wie z.B. bei der Anzahl an
Schneetagen, Schneehöhe oder Temperatur-Feuchte-Index (THI). Ab-
geleitete und kombinierte Variablen sind sensibel gegenüber der täg-
lichen Struktur und den Beziehungen zwischen den Variablen. Da
QM genau diese Strukturen in den Modeldaten nicht ändert, ist die
Verbesserung nicht so großwie bei den direkt korrigierten Variablen.
Gemessen an der Nash-Sutcliffe-Effizienz (NSE) kann keine Verbesser-
ung gefunden werden.

Zusammengefasst korrigiert QM Klimavariablen sehr gut. Um die
Beziehungen zwischen Variablen und zeitliche Strukturen in Model-
daten zu verbessern, muss QM allerdings weiterentwickelt werden.
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. . . Without intelligence, we could never have got started on that path, but
intelligence alone was not enough. We had to find a way to share our

intelligence with others, and to store useful ideas and tricks for the benefit
of the whole group, or at least, those in a position to make use of it. . . .

— Terry Pratchett, Ian Stewart, Jack Cohen “The Science of
Discworld II: The Globe”
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. . . Unfortunately, adult beliefs about causality are usually contaminated by
the less sophisticated wish-fulfilment philosophy that we carry with us from

the tinkly magic of our infancies. For example, scientists will object to
alternative theories on the grounds that “if that was true, we wouldn’t be

able to do the sums”. Why do they think that nature cares whether humans
can do the sums? Because their own desire to to the sums, which lets them

write papers for learned journals, contaminates their otherwise rational
view. There’s a feeling of feet being stamped; the Almighty should change

Her laws so that we can do the sums.

— Terry Pratchett, Ian Stewart, Jack Cohen “The Science of
Discworld II: The Globe”

1
I N T R O D U C T I O N A N D M O T I VAT I O N

Climate models use the current knowledge about physical processes
in atmosphere, ocean, and other sub-systems (Solomon et al., 2007)
to simulate historical as well as future climate on global and regional
scale. Processes which are not yet understood, but observed, and too
small to be resolved, are described in parameterisations within those
models (Solomon et al., 2007). Naturally, parameterisations are ap-
proximations of reality which, thus, lead to deviations from observa-
tions together with model errors, discretisations, numerics and scale
differences (Dolman and Gregory, 1992; Sellers et al., 1996). The re-
sulting errors in the model output often makes it not directly usable
for climate impact research (Fowler et al., 2007) (Chapter 2).

As impact modellers and policy makers need climate projections
on regional scales, Regional Climate Models (RCMs) are used. In large
projects like ENSEMBLES (van der Linden and Mitchell, 2009, http://
ensembles-eu.metoffice.com) or CORDEX (Giorgi et al., 2009, http://
wcrp-cordex.ipsl.jussieu.fr/) the uncertainty in large ensembles
of model projections is investigated.

Especially impact researchers demand for high quality climate in-
formation. Impact models run on different resolutions and require
preferably climate data on their corresponding scale. In particular,
modelling on local scales (e. g., river catchments, mountain slopes) is
done on high resolutions down to a couple of meters (e. g., Xu, 1999;
Strasser, 2008). Thus, to bridge the gap in resolution and correct for
errors in RCMs, statistical downscaling and error correction is applied
(e. g., Maraun et al., 2010).

Error correction methods are various to be found and reach from
a simple delta approach (Lehner et al., 2006) over multiple linear
regression methods (Kilsby et al., 1998) to Quantile Mapping (QM)
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2 introduction and motivation

(Brier and Panofsky, 1968). QM is a recently often used bias correc-
tion method and is part of empirical model output statistics (Déqué,
2007; Boé et al., 2007; Themeßl et al., 2012). As the name suggests, the
correction is gained by mapping modelled distributions on observed
distributions (quantile-wise). This accounts for different error charac-
teristics of different quantiles and leads to better correction for errors
than most other methods (e. g., Räisänen and Räty, 2012; Themeßl
et al., 2011). Therefore, QM is the method of choice to be evaluated
within this work, with focus on investigating bias correction of RCM

output and of derived variables or indices.
To frame this work on bias correction of RCM output, I start with

two review chapters. Chapter 2 gives a short review on climate mod-
elling and downscaling, while in Chapter 3 errors in RCMs and their
correction are reviewed. A description of the method (QM) can be
found in Chapter 4.

Climate impact research needs RCM output of multiple meteoro-
logical variables. This typically includes temperature, precipitation,
relative humidity, global radiation, surface pressure, and wind speed
(e. g., Finger et al., 2012). These variables are therefore the focus of
this study and described in Chapter 5.

Following the work lead by my colleague Matthias Themeßl (The-
meßl et al., 2011, 2012), QM has then been evaluated in three studies
as part of this PhD thesis.

Concerning bias correction in general and QM in particular, there
are some questions arising, which are tackled in the following chap-
ters:

• Can QM correct for bias in the main statistics and distributions?
The biases of means on different temporal scales and the correc-
tion of distribution is validated in Chapter 6.

• Does QM degrade temporal characteristics? This question is an-
swered by investigating the root mean squared error (RMSE) and
autocorrelation for each variable and four RCMs in Chapter 6.

• Can QM be applied to climate scenarios as well as historical
climate runs? A split sample test was performed throughout
the first study in Chapter 6, whereby the calibration period is
independent of the correction period.

• Does QM degrade inter-variable dependencies by correcting mul-
tiple variables independently? The correct representation of inter-
variable relations is important for climate impact modellers as
they use multiple climate variables as input. Therefore the cor-
relation between simulated variable pairs is investigated and
compared to their corrected version (first part of Chapter 7).

• How well do RCMs represent inter-variable relations? This ques-
tion follows from the differences found in the correlations of



introduction and motivation 3

observed and simulated climate variables. By comparing condi-
tional distributions of observed and simulated variable pairs, an
attempt is made to find the status of the representation of inter-
variable relations in RCM output (second part of Chapter 7).

• To what extent does QM on individual climate variables affect
impact model output? Therefore, raw and corrected RCM out-
put is used in impact models (a snow model and a heat index),
and the derived indices are compared, respectively, and with
observations (Chapter 8).

In each study chapter, conclusions are drawn at the end, which
are summarised in an overall form in Chapter 9. Appendices with
background information on methods and complementary figures and
tables complete this thesis.





. . . what is important is the “World of If” point of view involved in the
application of phase spaces . . . the real world alone is too limited to offer a
convincing explanation . . . if you take the imaginative leap of considering

unreal worlds, too, you can compare real world with all of those unreal
worlds, and maybe find a principle that picks out the real one from all the

others.

— Terry Pratchett

2
S H O RT R E V I E W O N C L I M AT E M O D E L L I N G A N D
D O W N S C A L I N G

Before writing about climate modelling it is good to understand the
difference between weather and climate. The understanding will set
the validation concepts and expectations on the models in the right
relation. Here are their definitions:

Climate as it is defined by the World Meteorological Organisa-
tion (WMO):
“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 vari-
ability 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 WMO. These quantities are most often surface variables such as tempera-
ture, precipitation, and wind. Climate in a wider sense is the state, including
a statistical description, of the climate system.”

Weather as it is defined by the National Oceanic and Atmospheric
Administration (NOAA).:
“The state of the atmosphere with respect to wind, temperature, cloudiness,
moisture, pressure, etc. Weather refers to these conditions at a given point
in time (e. g., today’s high temperature), whereas Climate refers to the "av-
erage" weather conditions for an area over a long period of time (e. g., the
average high temperature for today’s date).”

2.1 climate modelling

The climate is determined by processes in the climate system which
can be explained mainly by the interactions of and within five sub-
systems (Kraus, 2004, p. 12) (compare upper left panel in Figure 2.1):

• The atmosphere, which is a gas sphere enclosing the Earth and
which consists of different sub-spheres reaching from the tropo-
sphere to the ionosphere.

• The hydrosphere is the water on Earth, which includes the oceans,
rivers, lakes as well as groundwater. The oceans play the largest

5



6 short review on climate modelling and downscaling

role in the climate system by absorbing and emitting heat (ocean
currents, e. g., golf-stream), and by evaporating water vapour
into the atmosphere.

• the cryosphere, is the ice on Earth, which includes sea ice, land
ice shields, and glaciers, but also snow.

• The biosphere, includes flora and fauna, as well humans.

• The lithosphere describes the solid Earth, in particular the land
surface.

Climate modelling is about simulating the physics of those spheres
to give an idealised picture (or time-series) of the world. The idea
to model climate started with one-dimensional energy balance and
radiation models over three-dimensional atmosphere general circu-
lation models (AGCMs) to complex three dimensional coupled atmo-
sphere ocean general circulation models (AOGCMs). The latter two are
called General Circulation Models (GCMs), as they are built to sim-
ulate global circulation patterns in the atmosphere and ocean. They
are based on the primitive equation system (Bjerknes, 1904) consist-
ing of the Newton’s law of motion, the hydrodynamic state equation,
the thermodynamic energy equation, and the mass conservation. The
physical equations are solved on a discretised model grid (see Fig-
ure 2.1).

Other physical processes which are too small or too complex like
rainfall (Dolman and Gregory, 1992), land-surface interaction (Sellers
et al., 1996), or heat transfer have to be parameterised. Parameteri-
sations prescribe the statistics of a physical field (Intergovernmental
Panel on Climate Change (IPCC) Solomon et al., 2007, 8.2.1.3). Their
aim is to describe sub-grid-scale processes with the help of variables,
which can be resolved on the model grid. Some of these parameteri-
sations, like cloud or radiation processes, introduce major sources of
uncertainties to climate models. As they are coupled to the physical
model around, there are various approaches to parameterise sub-grid-
scale processes and therefore they are an important source for differ-
ences between the different models (e. g., Lock, 2001; Martin et al.,
2006).

Figure 2.2 shows the development in GCMs since the 1970s and how
the modelled interaction between different parts of the system in-
creased. It shows how more and more parameterisations, but also
sub-models for e. g., vegetation or chemistry, were added to improve
the modelling performance.

GCMs are either initialised with data (e. g., observational data) or
spin up from a resting state till they reach an equilibrium state (Ed-
wards, 2010). Then they are run freely simulating decades to 1000

years.
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Figure 2.1: Schematic explanation of a climate model (Figure 2 in Viner et al.,
1995) (with courtesy to http://mycaveat.com/CAVEAT-background.htm for a
not blurry version).

http://mycaveat.com/CAVEAT-background.htm
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Figure 2.2: Sketch of the development of GCMs since mid-1970 showing the
increase in complexity. Acronyms refer to the four assessment reports pub-
lished by the IPCC. Image courtesy of IPCC AR4 WG 1 Figure 1.2.
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The idea behind GCMs is to get statistical representations of future
climate conditions, NOT to predict the weather on the e. g., 18th Oc-
tober 2064. However, they give a projection how the climate could be
for the next, say, 100 years. As defined above, climate is the statisti-
cal description of weather over a longer time period. Thus it is not a
“prediction” like a weather prediction for the far future. To be fully
aware of this is important for validating climate models and using
their output data for climate impact studies.

In climate modelling, the anthropogenic influence is part of exter-
nal drivers of the climate system, thus, for future projections different
greenhouse gas emission scenarios have been developed. Those emis-
sion scenarios (Special Report on Emission Scenarios (SRES), in the
3rd assessment report of the IPCC, Nakićenović et al. (2000)) are im-
plemented as external drivers for the future projections of the GCMs.
Four emission scenario families were defined: A1, A2, B1, B2. They
cover a future world of rapid economic growth (A1), a divided world
(national) (A2), an ecological friendly and integrated world (B1), and
a world which is ecological friendly but divided (B2) (Nakićenović
et al., 2000).

In 2011 new scenarios, regarding greenhouse gas emission and
socio-economic possible futures, Representative Concentration Path-
ways (RCPs), were developed and used for the latest set of GCMs

(CMIP5) and, thus, for the latest IPCC assessment report (2013/2014).
The RCPs are defined and named by their level of radiative forcing by
the end of the century (van Vuuren et al., 2011): 2.6 W/m2, 4.5 W/m2,
6 W/m2 and 8.5 W/m2. As extreme scenario, RCP8.5 shows a contin-
uous increase in radiative forcing, whereas RCP2.6 levels out at about
mid-century. The RCPs cover a period from 1850 to 2100, in which for
1850 to 2005 the pathways are fitted to observations.

GCMs run on a horizontal grid-spacing of 2.8° to 1.2°, which are
about 300 km to 110 km, depending on the latitude. The effective res-
olution of the climate model is about times 4 to 8 higher (Grotch and
MacCracken, 1991; Denis et al., 2002; Kapper, 2009; Prein et al., 2013b).
The difference between grid-spacing and resolution of climate mod-
els, beside the literal meaning, results from the scale on which waves
can be resolved. Small- and large-scale energy interactions are inac-
curate in numerical models. Thus, to preserve the energy balance,
waves of 2 times and 3 times the grid-spacing need to be removed.
As one needs at least twice the grid-spacing to resolve two peaks of a
wave (e. g., Grasso, 2000), this leads to an effective resolution of climate
models of at least 4 times the grid spacing (Grasso, 2000; Pielke, 2002).
More detailed information on this can be found in Kapper (2009).

Figure 2.3 shows meteorological phenomenon on their spatial and
temporal scales. GCMs can simulate climate variations, seasonal cycles,
planetary waves, high and large low pressure systems, and large phe-
nomenons like teleconnection patterns (Handorf and Dethloff, 2012),
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Figure 2.3: Meteorological spatial and temporal scales including GCM (red)
and RCM (blue) resolution. Image courtesy to the COMET Program, modi-
fied by author.

but they do not cover smaller scales like cloud clusters or frontal sys-
tems or even turbulence which are, of course, also part of the climate
system.

To gain information about higher resolved processes and e. g., to
include more complex topography for e. g., investigating impacts of
climate on river catchments, GCMs with variable resolutions have been
developed and GCMs have been downscaled to local scales, which is
described in the following section. Those called stretched grid GCMs

run on high resolution for a specific region and coarser resolution
elsewhere on the globe (Fox-Rabinovitz et al., 2001, 2006).

2.2 downscaling

There are two common strategies to derive higher resolved informa-
tion from a GCM (Mearns et al., 1999): dynamical downscaling with
RCMs and statistical downscaling with a broad variety of statistical
downscaling models (SDMs). Both approaches have been compared
several times e. g., over the European Alps (Hanssen-Bauer et al., 2005;
Schmidli et al., 2006), or on monthly scale (Murphy, 1999). The out-
come was that both improve to the raw GCM output on local scales.
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2.2.1 Dynamical downscaling

Dynamical downscaling is synonym to regional climate modelling
with RCMs. RCMs are very similar to GCMs but are able to simulate
only limited areas instead of the entire globe. This makes them com-
putationally more efficient and allows for higher resolutions in the se-
lected region. The downscaling happens by using GCM or re-analysis1

data as boundary conditions to drive the higher resolved RCM over
the region of interest.

The idea of using RCMs for downscaling was suggested by Dickin-
son et al. (1989); Giorgi (1990). Those RCMs used similar parameteri-
sations as the GCMs (McGregor, 1997).

Giorgi and Mearns (1999) are discussing an issue which still holds
today: “Garbage In, Garbage Out”. The longer an RCM runs and the
larger the domain, the more degrees of freedom it gets, meaning it
develops its own climatology which can be different from the GCM’s
(Giorgi and Bates, 1989). However, if the GCM produces wrong large-
scale circulations, the RCM is not able to correct for those, and there-
fore will produce wrong small-scale fields.

Nowadays, RCMs are common tools to regionalise large-scale cli-
mate information of the GCMs and currently simulate the climate on
grid spacing between 0.44° and 0.11° (e. g., Wang et al., 2004; Chris-
tensen and Christensen, 2007; Jacob et al., 2013) for regions like Eu-
rope. Experiments on convection permitting scale, below 4 km, with
non-hydrostatic models are carried out for smaller regions, like Ger-
many or the Alpine region (Hohenegger et al., 2008; Suklitsch et al.,
2008, 2011; Langhans et al., 2012).

Modern RCMs still contain processes which are too small (spatial
and temporal), too poorly understood, or too computationally costly
to be explicitly represented. They are parameterised and include: ra-
diation transfer in the atmosphere; planetary boundary layer, and
surface layer (e. g., Hu et al., 2010); turbulence and diffusion (e. g.,
Han and Pan, 2011); cumulus convection (e. g., Kain and Fritsch, 1990;
Kain, 2004); microphysics of clouds and precipitation (e. g., Chen and
Sun, 2002; Jakob, 2003; Hong et al., 2004; Seifert and Beheng, 2006);
interaction with Earth’s surface (Knievel, 2008). For each of those pro-
cesses various parameterisation schemes exist, e. g., for long-wave ra-
diation there is the Rapid Radiative Transfer Model (Mlawer et al.,
1997), or for short-wave radiation there is the Dodhia scheme (Dudhia,
1989). Another example is the microphysical scheme which describe
the interactions among hydrometeors, vapour, and the environment
(e. g., Knievel, 2008).

1 “Reanalysis (as well as analysis) is a process by which model information and ob-
servations of many different sorts are combined in an optimal way to produce a
consistent, global best estimate of the various atmospheric, wave and oceanographic
parameters.” Dee et al. (2011)
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The number of parameterisation schemes has increased and the
schemes have improved over time, in particular regarding the land-
surface interaction, atmospheric processes (Feser, 2006; Prein et al.,
2013a,b) as well as radiative heating (Paeth and Mannig, 2013).

Since many institutes started to run RCM simulations, projects have
been organised to co-ordinate the downscaling from GCMs with RCMs,
e. g., in Europe PRUDENCE (Christensen and Christensen, 2007) with
grid-spacing aim of 0.44°, the ENSEMBLES project (van der Linden
and Mitchell, 2009, http://ensembles-eu.metoffice.com) with grid-
spacing aims of 0.44° to 0.22° and recently CORDEX (Giorgi et al., 2009,
http://wcrp-cordex.ipsl.jussieu.fr/) covering continental Earth
with 14 domains with grid-spacing of 0.44° and 0.11° (Jacob et al.,
2013; Vautard et al., 2013, http://www.euro-cordex.net/).

2.2.2 Statistical Downscaling

Statistical downscaling is a computational cheaper alternative to dy-
namical downscaling. Thus, statistical downscaling has been used to
downscale from GCMs when only limited computer resources were
available. As computers developed and more RCM runs were avail-
able, statistical downscaling is increasingly applied to dynamically
downscaled products, which reduces the scale difference between the
model grid and the target points. This combined approach uses the
advantages of physical downscaling as far computational resources
allow, then step in with computational cheaper statistical downscal-
ing methods (e. g., Chen et al., 2012, for precipitation).

Statistical downscaling focuses on single meteorological variables
as output, in particular precipitation (Maraun et al., 2010) and tem-
perature. The main reason for that might be the dependence on ob-
servations for calibration, and precipitation and temperature are long
observed variables. However, climate impact researchers, as hydrol-
ogists, ask for more variables as input for their models, thus more
applications for variables like humidity, wind speed, and radiation
can be found in recent literature (e. g., Boé et al., 2007; Hagemann
et al., 2011).

Similar to the parameterisations in dynamical climate models, sta-
tistical models are calibrated with observations, though in the past,
which leaves an unclear skill for applications on future climate. The
skill of the SDMs varies for variables, seasons, and regions. I. e. Gutiér-
rez et al. (2013) found for Spain that regression methods perform
best regarding correlation, while analogue and weather generators
show more skill in reproducing the observed distributions for tem-
perature in winter. Whereas the opposite picture is true for warm sea-
sons. SDMs can be designed and calibrated for very local regions like
special river catchments or mountain slopes. Therefore, their skill is
high in that very region, but would only be applicable in that region.

http://ensembles-eu.metoffice.com
http://wcrp-cordex.ipsl.jussieu.fr/
http://www.euro-cordex.net/
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There are various statistical downscaling techniques in use. An at-
tempt to categorise those approaches has been made by e. g., Maraun
et al. (2010) focusing on precipitation.

Statistical downscaling can be done two ways: one called perfect
prognosis (PP) and the other model output statistics (MOS).

perfect prognosis : For the PP approach the statistical model is
calibrated with observations for predictors as well as predictands. Pre-
dictors feed large-scale information to the model. During the applica-
tion of the downscaling the predictors are gained from the dynamical
model (GCM or RCM). Here, a realistic and reliable dynamical simula-
tion is assumed, as physical processes are considered in a dynamical
simulation.

Typical PP methods are e. g., deterministic linear models like multi-
ple linear regression (e. g., Hertig and Jacobeit, 2008; Lutz et al., 2012)
or canonical correlation analyses (e. g., Widmann, 2005; Busuioc et al.,
2008), non-linear models like artificial neural networks and machine
learning (e. g., Haylock et al., 2006), or analogue methods (Cubasch
et al., 1996; Wetterhall et al., 2005; Matulla et al., 2008). Similar ap-
proaches exist for stochastic models like vector Generalised Linear Mod-
els (e. g., Yee and Stephenson, 2007) or re-sampling techniques (e. g.,
Beersma and Buishand, 2003). Weather generators are PP methods
as well, which model random sequences of weather variables of un-
limited length that are consistent with the key statistical properties
of the observed meteorological records (e. g., Katz, 1996; Wilks and
Wilby, 1999; Hirschi et al., 2012).

model output statistics : MOS is based on statistical models
that are calibrated using simulated predictors and observed predic-
tands. The observed predictands are often on smaller spatial scale
(e. g., observation stations) than the simulated predictors (i. e. RCM

grid). In many applications an error correction is combined with the
downscaling, which originates in weather forecasting (Wilks, 2006).
The application can be done by calibrating on e. g., re-analysis driven
RCMs or by downscaling whole distributions.

As with PP, MOS may follow a deterministic, stochastic or weather
generator approach. One example for a deterministic non-linear model
doing distribution-wise downscaling would be quantile mapping (e. g.,
Schmidli et al., 2006; Piani et al., 2010a; Themeßl et al., 2011; Wilcke
et al., 2013) (more on that method later). Another example for MOS

is a stochastic linear model like XCDF-t (Kallache et al., 2011), which
is an extension of the non-parametric cumulative distribution func-
tion (CDF) method (CDF-t) developed by Michelangeli et al. (2009) for
specific application to extremes. Here the CDFs of simulated and ob-
served extreme precipitation is linked.
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A more detailed overview on statistical downscaling methods can
be found in Maraun et al. (2010); Fischer et al. (2013).



If you thought that science was certain - well, that is just an error on your
part.

— Richard P. Feynman

3
E R R O R C H A R A C T E R I S T I C S O F R E G I O N A L
C L I M AT E M O D E L S A N D B I A S C O R R E C T I O N

Regional Climate Model (RCM) output is the state-of-the-art climate
data available for regional and local impact studies (Finger et al., 2012;
Heinrich and Gobiet, 2012). As mentioned above, RCMs are nested into
General Circulation Models (GCMs) and driven by their lateral bound-
ary conditions. That, of course, means that RCMs adopt systematic
errors of GCMs and, additionally, have biases themselves (Christensen
et al., 2008; Giorgi and Coppola, 2010). Pielke and Wilby (2012), e. g.,
remark that RCMs amplify GCM errors, which will not be discussed
here. Some errors can be corrected by the RCM, in particular orog-
raphy related ones (Diaconescu et al., 2007; Laprise, 2008). Here, I
will focus on the RCM errors but include the ones from GCMs where
needed.

3.1 errors in rcms

Errors and uncertainties in RCMs have various sources. In this section
some of them will be discussed, whereby the presented analyses fo-
cus on Europe and on RCMs from the ENSEMBLES project (described in
Section 2.2.1 and Section 5.1).

Systematic errors have been found from early on (e. g., Murphy,
1999; Frei et al., 2003; Hagemann et al., 2004). Jacob et al. (2007) inves-
tigated systematic errors in RCMs related to the ability to simulate the
long-term mean climate and the inter-annual variability for tempera-
ture and precipitation. They found for summer months that tempera-
ture seemed to be systematically biased from the RCMs, while precip-
itation gains the bias from the lateral boundary conditions, i. e. inher-
ited from the GCM. The bias in winter climate seemed to be mainly
introduced by the GCM, while the transition seasons show no clear
system. Those biases can be explained with, e. g., insufficient block-
ing frequencies, too zonal simulations, differences in model surface
schemes. RCMs tend to overestimate temperature in summer months
in southern Europe and underestimate winter precipitation sums in
the North (Jacob et al., 2007; Christensen et al., 2008).

On the other hand, Kjellström et al. (2010) found a warm bias in
northern Europe for daily minimum temperature. Lenderink (2010)
shows positive systematic biases in extreme precipitation for whole

15
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Europe, which is in agreement with van der Linden and Mitchell
(2009) and Kjellström et al. (2010) for extreme conditions. The wet-
day frequency over Europe is known to be overestimated by RCMs as
well (Leander and Buishand, 2007; Piani et al., 2010b).

There are different sources for systematic errors in RCMs. Examples
are the necessary physical parameterisations, ill-posed lateral bound-
ary conditions, and non-implemented processes. Those are described
below.

Parameterisations, e. g., deep and shallow convection, micro physics
in cloud processes, which are the least understood (Solomon et al.,
2007), radiation parameterisation, small-scale turbulence, which have
been already mentioned in Section 2.2.1. Two major sources of er-
ror herein are conceptual shortcomings in schemes themselves and
if the data fed to the schemes are incomplete or inaccurate (Knievel,
2008). Awan et al. (2011), using a non-hydrostatic model over com-
plex terrain, points out that errors are dependent on the simulated
sub-regions. Thus, improvements can be made by adjusting the con-
figurations to the region of interest.

Giorgi et al. (1994); Evans (2003) show that the land surface pro-
cesses are poorly represented by RCMs which results in poor agree-
ment between simulated and observed surface runoff (Rojas et al.,
2011).

Kanamaru and Kanamitsu (2007) found noise in RCMs due to wave
reflection and instabilities. Those are introduced by mathematically
ill-posed lateral boundary conditions, the driving coarse model field,
and inconsistencies between the model resolutions. Within a buffer
zone of several grid points along the RCM boundary, a lateral bound-
ary relaxation method can deal with those wave reflections (Davies,
1976; Marbaix et al., 2003).

Castro et al. (2005) states that if the variability of synoptic features
is underestimated or there is a consistent bias in the large model, no
increased skill would be gained by dynamical downscaling. This is
the “garbage in, garbage out” effect, mentioned in Section 2.2.1

The higher resolution of the RCMs, compared to the GCMs, can cor-
rect for orographic errors, but also does not erase them. In particular
over complex terrain like the European Alps or Scandinavia the bi-
ases are considerable (Christensen et al., 2008; Suklitsch et al., 2011;
Kjellström et al., 2010; Kotlarski et al., 2010).

For hydrological applications, like stream-flow simulations, run off
or flood analysis, raw RCM output is problematic (Kidson and Thomp-
son, 1998; Murphy, 1999; Wilby et al., 2000; Wood et al., 2004). E. g.,
precipitation can be overestimated by 20 % to 50 %, which leads to an
overestimation of, e. g., run-off (e. g., Wood et al., 2004). This makes
bias correction important and necessary (Wood et al., 2004; Ashfaq
et al., 2010).
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3.2 review on bias correction

Motivated by the errors mentioned in the former section, different
types of empirical statistical bias correction methods were and still
are developed. Here, it should be emphasised that all empirical statis-
tical methods assume a stationary climate or at least a stationary bias
when applied to future periods.

Even though non of the methods completely correct biases or er-
rors of climate model output, and despite ongoing discussions on the
appropriate phrasing, here, I stick to the naming bias correction (BC)
in the following. Most of the following methods have been developed
and applied for temperature or precipitation or both.

The most simple approach is a delta correction, which removes
an average bias (delta) for a certain period (e. g., Lehner et al., 2006;
Lenderink et al., 2007). This can be done either as one delta for the
whole period considered, or for different steps like seasonal or monthly
deltas. Engen-Skaugen (2007) uses empirical factors to tailor the RCM

outputs considering normalisation which adjusts the standard devia-
tion and calculation of residuals.

Another approach calculates monthly correction factors which are
based on the ratio between observed and simulated values in the past
(e. g., Durman et al., 2001).

Multiple linear regression is used to produce linear transformation
functions between one or more predictors and the predictand (e. g.,
Kilsby et al., 1998; Hay and Clark, 2003; Horton et al., 2006). Those
adjust changes in the mean and variance of the observed and sim-
ulated time-series. To cope with the reduced variability, von Storch
(1999) introduced a noise term, which randomly adds variability and
leads to better results (Themeßl et al., 2011).

Local intensity scaling (e. g., Widmann et al., 2003; Leander and
Buishand, 2007; Dobler and Ahrens, 2008) for precipitation sums cor-
rects for rain day frequency and intensity biases as well as inaccurate
orography (Schmidli et al., 2006). “The difference between the evaluation
period model precipitation and model rain day threshold is multiplied by
the scaling factor and added to the observation rain day threshold (1 mm/d)”
(Dobler and Ahrens, 2008). Here, the scaling factor is the ratio of the
mean rain day intensity of observed to simulated precipitation.

Power transformation for precipitation corrects not only the mean
but also the variance by applying a non-linear correction, e. g., expo-
nential, (Leander and Buishand, 2007; Leander et al., 2008). Here the
observed long-term monthly mean is mapped on the monthly mean
of the corrected daily simulated precipitation series.

Variance scaling corrects the mean and the variance of tempera-
ture time-series (Chen et al., 2011). It is a step-wise approach by
first applying a linear scaling. In a second step the modified con-
trol and scenario time-series are shifted on to a monthly zero mean.
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The third step scales the standard deviations to the ratio of observed
and control-run standard deviations. The last step shifts the standard-
deviation-corrected time-series back using the corrected mean of the
first step.

Analogue methods are advanced re-sampling, where a historical
atmospheric state is searched that closely re-samples the synoptic sit-
uation on a given day to be simulated (e. g., Cubasch et al., 1996;
Zorita and von Storch, 1999; Wetterhall et al., 2005; Matulla et al.,
2008). Here, no assumptions about the statistical distributions of the
variables, spatial and temporal structure of the field, and mutual de-
pendencies between the variables need to be made. If the synoptic
situations are randomly chosen from the historical pool, the method
is called nearest neighbour analogue method (e. g., Brandsma and
Buishand, 1998).

A rather modern approach is called Quantile Mapping (QM), quantile
matching, distribution mapping, or histogram equalisation. QM was first
mentioned by Brier and Panofsky (1968) as empirical transformation.
Déqué (2007); Boé et al. (2007) first used it for downscaling and error
correction. Quantile based methods are getting more popular lately
and have been applied to downscale and correct temperature and pre-
cipitation data from RCMs (e. g., Dobler and Ahrens, 2008; Piani et al.,
2009, 2010b,a; Ashfaq et al., 2010; Dosio and Paruolo, 2011; Themeßl
et al., 2012), in particular in hydrological studies. The applications
differ in the details, e. g., Piani et al. (2009) only considered wet days,
e. g., Ashfaq et al. (2010) calculated monthly transfer functions, and
e. g., Themeßl et al. (2012) used daily transfer functions. Rojas et al.
(2011) used it as histogram equalisation method to correct precipita-
tion and mean, minimum, and maximum temperatures, assuming a
stationary error model. As QM is the main topic of this work, it will
be explained in more detail in Chapter 4.

Themeßl et al. (2011) compared most of the above mentioned down-
scaling and error correction methods applied to daily precipitation
sums of an RCM for the region of the European Alps. They showed
that a QM method performs best for daily precipitation. All methods
correct the median bias to zero, as well as the variability is corrected
by most methods, but multiple linear regression and local intensity
scaling. The analogue methods and multiple linear regression reduce
the correlation, but none of the other methods increased the correla-
tion. The drizzling (e. g., Gutowski et al., 2003) is corrected by QM and
local intensity scaling.

Teutschbein and Seibert (2012) compared similar BC methods as
Themeßl et al. (2011) but with focus on hydrological applications,
here streamflow simulations. They aggreed on the success of each
method, but also found differences in the level of each success. Only
the power transformation and distribution mapping were able to cor-
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Figure 3.1: Ranking of ten methods for cross-validated mean squared error
of different percentiles of the temperature distribution in 2069 to 2098 (Fig-
ure 8 in Räisänen and Räty, 2012). Cells numbered 1 (dark blue) indicate
best performance, cells numbered 10 (grey) worst. M 9 is QM with running
means and M 10 is QM with linear fit.
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rect for more than the mean. As Themeßl et al. (2011), they agree on
QM as the best BC method of those tested.

Räisänen and Räty (2012) compared five delta change methods and
five bias correction methods for application on future climate temper-
ature in a pseudo-reality set up. The BC methods are (1) just correction
for the mean bias, (2) correcting for the mean bias and standard devi-
ation, (3) correcting for the mean, standard deviation, and skewness,
(4) correcting with QM and smoothing (running averages) for the tails
of the distribution to avoid noisy signals there, (5) correction with QM

and linear fit. Figure 8 in Räisänen and Räty (2012) (see Figure 3.1)
shows impressively the good performance of the two QM approaches
throughout the distribution, with exception of the higher percentiles
for the linear fitted approach.

Chen et al. (2011) found that the uncertainty from the choice of
decade(s) for BC method calibration is minor compared to uncertain-
ties from the choice of climate model or choice of greenhouse gas con-
centration scenario (SRES/RCPs). Piani et al. (2010b) found the choice
of decade(s) for calibrating the BC method (QM) the major source of
uncertainty, compared to fit error, choice of transfer function, or ob-
servational uncertainty.

Bordoy and Burlando (2013) approved the statement of strong im-
provement of RCM output by applying QM over the complex terrain
of the Swiss Alps as Themeßl et al. (2011, 2012) for the Austrian Alps.

A possible drawback is the influence of BC on the climate change
signal (CCS) (Haerter et al., 2010). Themeßl et al. (2012) analysed the
impact of QM on the CCS (temperature and precipitation) and found
moderate changes. They found that by correcting the bias, the trends
in the scenarios are modified. The question of how to judge the mod-
ifications of the CCS by BC methods, is tackled in on-going studies
(e. g., Gobiet et al., 2013).



Happy is he who gets to know the reasons for things.

— Virgil

4
B I A S C O R R E C T I O N — Q U A N T I L E M A P P I N G

The bias correction (BC) method Quantile Mapping (QM), how it is
used in this work, has been proposed by Themeßl et al. (2011) to
correct RCM simulations and is based on Déqué (2007). Themeßl et al.
(2012) demonstrated its successful application to future scenarios for
precipitation. The process combines downscaling aspects with model
BC. The correction of the altitude differences between the model and
actual orography of the observational data-set is implicitly included.

The distributions used for the mapping can be gained empirically
or parametrically. Studies like Gutjahr and Heinemann (2013) showed
the better skill of empirical QM over parametric QM.

The QM method used in this PhD thesis is purely empirical (i. e. no
assumption about the distributions of the meteorological variables
are made) and is based on Themeßl et al. (2012). In the following
Section 4.1 the application on temperature is described. Adaptation
to the specific requirements of different variables are described in
Section 4.2.

4.1 method description

This implementation of QM fits modelled daily empirical cumulative
distribution functions (ECDFs) to corresponding observational ECDFs

of one station or grid-point. For each day of year (DOY) in the cali-
bration period, ECDFs are constructed using a sliding window of 31

days (i. e. ±15 days around the day of interest), which results in, e. g.,
620 values for 20 years of calibration. The daily ECDFs sensibilise the
correction to varying error characteristics throughout the year. The
ECDFs are calculated by sorting the values into bins with adjustable
width. The bin width is set to the resolution of the observational data
(mostly 0.1) and a linear interpolation is applied between two per-
centiles (bins) (Déqué, 2007). In some cases, particularly in the case
of low-quality observational data, this interpolation can lead to inad-
equate approximations, as will be demonstrated in Section 6.2.2 and
Section 7.2.

I want to emphasise that daily ECDFs were calculated and they were
applied on daily data, thus there is no temporal scale discrepancy.
Spatially, the discrepancy was minimised by using RCMs instead of
GCMs.
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Figure 4.1: Sketched Q-Q plot for any simulated and observed variable
x_mod and x_obs. Red line indicating the parallel extrapolated correction
value, red region indicating possible future new extremes, blue arrows show-
ing schematical correction for values in calibration sample.

For the correction of temperature, which is described here exem-
plarily, the cumulative probability p for a modelled value is calculated
at point i and day t (Equation 4.1). The correction term ∆xt,i is calcu-
lated as a difference of the inverse ECDFs (quantile) of the observation
(ECDFobs,cal−1

) and model (ECDFmod,cal−1
) for probability p at a certain

day of a station (Equation 4.2).

pt,i = ECDFmod,cal
DOY,i

(xmod,raw
t,i ) (4.1)

∆xt,i = ECDFobs,cal−1

DOY,i
(pt,i)− ECDFmod,cal−1

DOY,i
(pt,i) (4.2)

xmod,cor
t,i = xmod,raw

t,i + ∆xt,i (4.3)

The correction term ∆xt,i is then added to the raw model value xraw
t,i

(Equation 4.3).
For correcting simulations into the future, the procedure is very

similar. In Equation 4.1 xmod,raw
t,i is exchanged with xmod,rawfuture

t,i . That
means, the ECDFs of the calibration period (in the past) are used to
gain pt,i and the ∆xt,i is applied to future values.

In order to avoid the suppression of new extremes in the future
periods (i. e. values outside the calibration range), an extrapolation
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of the correction has been implemented, by keeping the correction
term of minimum and maximum values constant outside the obser-
vational range (compare Figure 4.1). This approach for extremes has
been recently confirmed by Bellprat et al. (2013).

4.2 technical details

Dealing with precipitation, a frequency adaptation is implemented
to parry a deficiency of QM leading to a wet bias. That bias occurs
if the dry day frequency in the raw model output (ECDFmod,cal) is
larger than in the observations (ECDFobs,cal), which would lead to a
strong positive bias after the correction (Themeßl et al., 2012). Thus,
the model data below 0.1 mm/d is divided to finer bins with width of
0.01. Dry days are generated by randomly sampling the observational
distribution into the first bin (0 mm/d to 0.01 mm/d). However, this
bias is a rare case. More often the model overestimates the light pre-
cipitation frequency (“drizzling-effect”; e. g., Gutowski et al., 2003),
which is caught by QM automatically.

The correction of relative humidity required minor adaptations,
since the interpolation can lead to values outside the physically rea-
sonable range, in particular to values above 100 %. These non-physical
values were set to the maximum value observed on the correspond-
ing ECDF. This adaptation, however, only takes effect in very rare cases
and the overall effect can hardly be noticed in climatological evalua-
tion.

For wind speed, global radiation, and surface pressure QM works
straightforward, as it has been implemented for temperature.

However, the observed values of wind speed, which have been used
in this work, are of poor quality (compare Section 5.3), which leads
to a small systematic bias even after applying QM. In a test noise
was added, which removed this residual bias, but adding noise is no
robust solution for producing time-series for further climate studies.
Thus, no changes to the code were made, and the residual bias was
accepted so far.





It is a capital mistake to theorise before one has data. Insensibly one begins
to twist facts to suit theories instead of theories to suit facts.

— Sherlock Holmes

5
D ATA U S E D I N T H I S W O R K

5.1 rcm output

Daily mean Regional Climate Model (RCM) data were derived from
the multi-model data-set of the ENSEMBLES project (Goodess et al.,
2009). The RCMs have a horizontal grid-spacing of 0.22° and cover en-
tire Europe (Figure 5.1). ENSEMBLES provides hindcast simulations, i. e.
the lateral boundary conditions for the RCMs are given by re-analysis
data. For this project the ECMWF 40-year re-analysis (ERA40) data-set
(Uppala et al., 2005), has been used. The hindcast simulations cover
the historical period from 1961 to 2000.

In the ENSEMBLES project, transient time-series from 1951 to 2100

have been simulated. For the historic years (1951 to 2000) the General
Circulation Models (GCMs) are driven with observed emissions. RCM

runs driven by the historical period of the GCMs are called historical
runs. For future projections different greenhouse gas emission scenar-
ios (SRES) are integrated in the GCMs. Here, the SRES A1B scenario
(van der Linden and Mitchell, 2009) was used, which is part of the A1

emission family (see Section 2.1). The RCM runs from 2001 to 2100 are
the scenario runs.

Table 5.1: Selected RCMs (historical, SRES A1B, and re-analysis) from
ENSEMBLES for this thesis. Full institute names and information on specific
models can be found in the Acronyms.

institute rcm gcm re-analysis

ICTP RegCM3 ECHAM5-r3 ERA40

SMHI RCA BCM ERA40

METNO HIRHAM HadCM3Q0 ERA40

C4I RCA3 HadCM3Q16 ERA40

KNMI RACMO2 - ERA40

METO-HC HadRM3Q0 - ERA40

Out of the ensemble of 22 RCMs from the ENSEMBLES project, run-
ning transient time-series on A1B, six simulations (c. f. Table 5.1) have
been selected for use in this work. The selection criterion for the

25
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Figure 5.1: ENSEMBLES domain. Figure 1.2.1 of the ENSEMBLES deliverable
report D2B.9 (C4I, 2008) to show domain covered by climate model data.
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Figure 5.2: Climate change signal of temperature and precipitation for Tirol
for winter season 2021 to 2050 minus 1971to 2000 simulated by ENSEMBLES

A1B RCMs (Figure 2.1 of Wilcke et al., 2012).
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first four was based on two projects (CC-Snow & CC-SnowII) funding
this study. The selection criterion was to cover to full uncertainty
range of mid-century climate change of temperature and precipita-
tion (Déqué et al., 2007, 2011). Figure 5.2 shows the climate change
signal (CCS) for a county in Austria (Tirol) for the winter season (as
the projects were related to winter tourism). Other regions in Aus-
tria show a similar picture (Wilcke et al., 2012). Compared to the
other ENSEMBLES simulations Community Climate Consortium for Ire-
land (C4I)-Rossby Center Regional Climate Model (Samuelsson et al.,
2011) (RCA)3-Hadley Centre Coupled Model, version 3, sensitivity
Q16 (HadCM3Q16) shows a strong warming and wetter conditions in
this study region, The Abdus Salam International Centre for Theoret-
ical Physics (ICTP)-RegCM3 (RegCM3)-ECHAM5 (ECHAM5)-r3 shows
little warming and drier conditions, Norwegian Meteorological In-
stitute (METNO)-HIRHAM (HIRHAM)-Hadley Centre Coupled Model,
version 3, sensitiviy Q0 (HadCM3Q0) shows moderate warming and
moderate change in precipitation, and Sveriges Meteorologiska och
Hydrologiska Institut (SMHI)-RCA-Bergen Climate Model (BCM) shows
little warming and wetter conditions in the future (Wilcke et al., 2012).

Six meteorological variables of those RCMs were obtained:

• 2 m air temperature [◦C] (tas)

• precipitation amount [mm/d] (pr)

• relative humidity at 2 m [%] (hurs)

• wind speed at 10 m [m/s2] (wss)

• surface air pressure [hPa] (ps)

• surface down-welling shortwave radiation (here called global
radiation) [W/m2] (rsds)

Those variables were used in 3-hourly (as input for the snow model
(see Section 5.2) and in daily resolution for this study.

5.2 snow model data

The following description of the model is partly from Strasser (2008).
AMUNDSEN is a modular, physically based, distributed modelling

system, which is applied to simulate snow cover. It has been designed
especially for mountainous regions under climate change conditions
(Strasser, 2004; Strasser et al., 2008). AMUNDSEN is driven with sub-
daily data from five meteorological variables:

• 2 m temperature

• precipitation amount

• 2 m relative humidity
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• down-welling shortwave radiation (global radiation)

• 10 m wind speed

As AMUNDSEN runs on sub-daily meteorological data, the RCM out-
put needed not only correction and spatial downscaling, but temporal
downscaling also. I basically applied Quantile Mapping (QM) on the
daily RCM output and added the diurnal cycle given by the 3-hourly
RCM output (details in Section A.1).

Other variables are simulated, like shortwave and longwave radi-
ation including topographical effects (e. g., shadowing) and clouds
(Corripio, 2003; Greuell et al., 1997). Snow-melt is simulated on basis
of an energy balance model (Strasser et al., 2008). The snow albedo
is parameterised depending on snow age and temperature (Rohrer,
1992), as well as the snow density (Anderson, 1976; Jordan, 1991).
To account for the shadowing effects the snow model simulated a
25 km × 25 km domain over the station of interest, with a grid spac-
ing of 100 m.

From AMUNDSEN the following output was used on daily basis and
on station locations:

• snow depth (SD)

• By distinguishing the densities of new and old snow the snow
water equivalent (SWE) was derived

• snow fall amount (SF), which is solid precipitation and defined
with a wet-bulb temperature threshold of 2 ◦C.

5.3 observations

Observational data for this work were obtained from the Austrian
Central Institute for Meteorology and Geodynamics (ZAMG) and the
Swiss Federal Office of Meteorology and Climatology (MeteoSwiss).
The data are on point-scale and result from meteorological measure-
ments on observation stations. For the different studies in this work
about 80 stations (depending on the variable) distributed over en-
tire Austria were used (Figure 5.3). For Switzerland only 18 stations
were used, which are situated in the Rhone catchment. The Austrian
data cover a 50-year period from 1961 to 2010, while the data from
MeteoSwiss range from 1981 to 2010.

To ensure a sufficiently large sample size only stations with more
than 80 % (compromise from experiences with missing values) data
coverage for a period from 1961 to 2010 are included (Swiss data
had no gaps). When instruments of a station were moved, like a
couple of meters in any direction, the station got a new ID. As the
study depends on sufficiently long time-series, those shifted stations
were merged. To consider inhomogenities in time-series due to verti-
cal shifts of the instruments, which is not intended, a Wilcoxon rank
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Figure 5.3: Observation station locations of the ZAMG network.

test (e. g., Wilks, 2006) has been applied to the time series of interest.
In case the test fails, the stations were not merged.

aggregation from point-scale to rcm grid : For the vali-
dation of inter-variable relations in Section 7.3, single grid cell time-
series have been evaluated against averaged time-series of observa-
tion stations inside those grid cells. This has been done to avoid
uncertainties introduced by further downscaling to point-scale (Ma-
raun, 2013). To ensure that the station averages can be regarded as
reasonably comparable with the gridded RCM output, attention was
restricted to the seven grid cells containing the highest number (9
to 13) of stations. The coordinates of the chosen grid cell centres are
listed in Table 5.2 and visualised as asterisks in Figure 5.4. In whole
71 stations have been included (see Table C.2). Figure 5.4 shows the
distribution of the grid cells in space. The colours of points and boxes
indicate their relation. The stations cover a wide range of geographi-
cal characteristics, compare box 3 (violet), which is located over high
mountains, and box 7 (light blue), which is located in a flat region.

variables : In different parts of this study different combinations
of meteorological variables are used. However, in sum there were
eight variables as daily mean or daily sums employed from the ZAMG

for the period 1961 to 2010 and MeteoSwiss for the period 1981 to 2010:

• 2 m air temperature [◦C] (tas)

• precipitation amount [mm/d] (pr)

• relative humidity at 2 m [%] (hurs)
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Figure 5.4: Evaluated grid cells and observation stations in Austria. (1) Vil-
lach region, (2) Kitzbühel Alps, (3) Hohe Tauern Nationalpark, (4) Semmer-
ing, (5) Basin of Klagenfurt, (6) Pongau, (7) Vienna.

Table 5.2: Coordinates of chosen grid cell centres in Austria.

no. grid cell name lat East lon North

1 Villach region 46.7003 13.6047

2 Kitzbühel Alps 47.5179 12.2284

3 Hohe Tauern Nationalpark 47.0957 12.6004

4 Semmering 47.6481 15.8059

5 Basin of Klagenfurt 46.7245 14.2440

6 Pongau 47.3454 13.2232

7 Vienna 48.0991 16.4443
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• wind speed at 10 m [m/s2] (wss)

• surface air pressure [hPa] (ps)

• global radiation [W/m2] (rsds)

• snow water equivalent [mm/d] (SWE)

• snow depth [cm] (snow)

While part of this work aims for correcting errors in RCMs, errors
in observations are not covered. Many studies analyse the quality of
meteorological observations (e. g., Auer et al., 2001; Caussinus and
Mestre, 2004; Della-Marta and Wanner, 2006; Frei and Schär, 1998;
Schmidli et al., 2002) and the author is aware of those shortcomings.
In particular the wind induced undercatch of precipitation (e. g., Frei
et al., 2003; Guo et al., 2001; Nešpor and Sevruk, 1999) needs to be con-
sidered. The influence of observation’s quality on model and method
evaluation is strong. However, in this work the observations obtained
by ZAMG and MeteoSwiss are defined as truth. Nevertheless, this limi-
tation is remembered through out this work.

5.4 temperature-humidity index

Any derived index is like a small impact model. As an example I
examined the influence of QM on RCM output via the temperature-
humidity index (THI). The THI tries to describe the effect of high tem-
perature and humidity on a human body, how it “feels” relative to a
dewpoint of 14 ◦C (Steadman, 1979). Steadman (1979) published a THI

which was based on several biometeorological studies. The studies in-
cluded the effect of clothing, solar radiation, wind chill, activity, and
build of a body on the felt temperature. Each effect can be described
by an equation or empirical value, which are listed in, e. g., Rothfusz
(1990). Various multiple regression models, considering relative hu-
midity and dry-bulb temperature, were developed to calculate the
THI (e. g., Rothfusz, 1990). Schoen (2005) found relative humidity and
dry-bulb temperature too dependent on each other and proposed to
use “true independent” variables: dry-bulb temperature (T) and abso-
lute humidity. As absolute humidity is rarely reported by observation
stations, the dewpoint (D, see Equation A.3) is close enough to cover
for absolute moisture.

The empirical model to calculate the THI developed by Schoen
(2005) is given by

THI = T− 1.0799 exp(0.03755T) [1− exp(0.0801(D− 14))] , (5.1)

where THI, T, and D are all in degrees Celsius. For details on calculat-
ing the dewpoint see Section A.2.





Nothing in life is to be feared, it is only to be understood. Now is the time
to understand more, so that we may fear less.

— Marie Curie

6
D I R E C T VA L I D AT I O N O F Q U A N T I L E M A P P I N G

6.1 outline of validation concept

The bias correction method Quantile Mapping (QM) is applied on
individual RCM output variables. The “direct” validation, here, evalu-
ates how well QM corrects those variables, thus the “direct” effects of
QM on RCM output. Climate change impact research needs regional
climate scenarios of multiple meteorological variables. This typically
includes temperature, precipitation, relative humidity, global radia-
tion, and wind speed (e. g., Finger et al., 2012), which are therefore
the focus of this study. They are usually available from RCMs, but
affected by considerable biases.

The question, however, whether error correction degrades temporal
characteristics is an open issue. As many climate impact models use
multiple variables at the same time, consistent time-series for each
are important.

In this study the performance of QM has been investigated, when
applied to a multi-variable output of four RCMs with a grid-spacing
of 0.22° (Section 5.1) on daily basis. The particular focus of this study
is on biases, frequency distributions, and temporal structure of time-
series in present climate.

A split-sample evaluation approach has been used to mimic the ap-
plication to future climate as far as possible. The calibration period
has no overlap with the evaluation period. The available observation
period from 1971 to 2010 (1981 to 2010 for MeteoSwiss stations) is di-
vided in halves, taking 1971 to 1990 as calibration period and 1991 to
2010 as application period, and vice versa. Of course, the split-sample
approach can only give rough indication about the performance of
QM in far future periods. However, since calibration and evaluation
periods are independent and climate variability and change results
in different climate characteristics in both periods, severe deficiencies
can be expected to be detected.

In addition to the split-sample approach described above, evalu-
ation was done also with equal calibration and application period,
which is further on denoted as technical evaluation. This allows judg-
ing the performance of QM in an idealized world by neglecting cli-
mate variability and climate change. To keep the comparability with

33
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Table 6.1: Observation stations of ZAMG and MeteoSwiss used for direct vali-
dation.

station name lon East lat North height [m]

Wien-Hohewarte 16.35638889 48.24861111 198

Sonnblick 12.9575 47.05416667 3105

Innsbruck Uni 11.38416667 47.26 578

Zermatt 7.752468 46.029282 1608

the split-sample approach the technical test was performed on 20-year
periods.

For the evaluation of the GCM-driven RCM simulations two basic
statistics were inspected: bias and density distribution. Bias and den-
sity distribution describe the performance of QM on single variables
and are analysed on the past only, since observations are indispensi-
ble. For the re-analysis driven RCM simulations, the temporal struc-
ture of time-series was analysed by the root mean squared error
(RMSE) and autocorrelation.

Four stations (Table 6.1) with different climatological characteristics
were analysed in depth. Hohe Warte in Vienna is located in a flat
region between the north-eastern deviating veins of the Alps, in the
north-western part of the Vienna basin. Sonnblick is a meteorological
observatory on top of the mountain Hoher Sonnblick at 3105 m above
sea level and is exposed to the free atmosphere. Innsbruck University
maintains an observation station at 578 m height that represents a
valley (Inn valley) with open ends on both sides. The valley lies in
southwest-northeast direction and has a width of about 7 km. The
station of Zermatt at 1608 m height lies at the inner end of the Matter
valley, which extends in south-north direction and has a width of
about 1.5 km.

6.2 results & discussion of direct validation

6.2.1 Bias

The bias is defined as long-term average difference between model
and observation. For the ICTP-RegCM3 model the biases of tempera-
ture, precipitation, relative humidity, and wind speed are shown in
Figure 6.1 and Figure 6.2, exemplarily. Figure 6.1 shows the annual
mean bias of the raw and split-sample corrected model for stations
in Austria. The biases for the other three models are presented in
Figure B.1 to Figure B.3.

Figure 6.2 shows the annual cycle of monthly biases. In this case,
the spatial error variability is indicated by box-and-whisker plots.
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Figure 6.1: Annual mean RCM (ICTP-RegCM3) bias at observation stations
(1991 to 2010) for a) temperature, b) precipitation, c) relative humidity, and
d) wind speed (top down) for the raw RCM (for temperature altitude cor-
rected), the error-corrected RCM with split-sample evaluation.
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This analysis shows both versions of the split-sample approach, one
evaluated in the period 1991 to 2010 and calibrated in the period 1971
to 1990 (blue), the other one vice-versa (green), together with the raw
RCM bias of each period (red and orange). The results for the other
models are presented in Figure B.4 to Figure B.6.

6.2.1.1 Temperature

QM performs very well in removing the annual mean temperature
bias from the ICTP-RegCM3 model. In the split-sample evaluation (Fig-
ure 6.1 a), the mean bias over all stations is reduced from −1.5 ◦C to
−0.3 ◦C and the biases of the individual stations range to below 1.1 ◦C
at maximum, compared to 3.5 ◦C before correction. The results for the
other models confirm these results.

The monthly temperature biases of the ICTP-RegCM3 model are ex-
emplarily shown in Figure 6.2 a. The biases and their spatial variabil-
ity are generally strongly reduced. In some months, however, con-
siderable errors remain after the correction (e. g., in summer), which
is caused by different model error characteristics in the calibration
and the application period (i. e. by non-stationarity). Similar analysis
for other models (Figure B.4 to Figure B.6) show that ICTP-RegCM3 is
rather extreme in this respect and that bias correction of other models
is mostly less affected by non-stationarity. Non-stationarity, however,
is a limitation of bias correction (and empirical-statistical methods in
general) and narrows their application to periods not too far in the
future. Maraun (2012) investigated non-stationarities of a very simple
bias correction method on a seasonal time scale and found that at
the end of the 21st century bias correction only partly improves RCM

results. Here, it could be demonstrated that the improvement in case
of non-stationarity is still large for near future (20 years) applications,
particularly when averaged over the year.

6.2.1.2 Precipitation

The ICTP-RegCM3 bias of precipitation is strongly improved in the split-
sample evaluation with a bias reduction from 0.8 mm/d to−0.1 mm/d
(Figure 6.1 b). The results for other RCMs are very similar. On the
monthly timescale (Figure 6.2 b), the split-sample evaluation gener-
ally results in smaller biases than the raw model and in a smaller bias
range. The influence of non-stationarity is smaller than for tempera-
ture in this case. Bias correction of other models yields very similar
results (Figure B.1 to Figure B.6).

6.2.1.3 Relative humidity

With regard to relative humidity the mean bias of ICTP-RegCM3 is re-
duced to close zero; the maximum of biases over the stations is re-
duced from 22 % to 8 % in the split-sample approach (Figure 6.1 c).
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Figure 6.2: Monthly bias of a) temperature, b) precipitation, c) relative hu-
midity, and d) wind speed as box-whisker plots for the raw RCM (for tem-
perature altitude corrected) split in two periods (red and orange), the bias
corrected RCM (ICTP-RegCM3) with split-sample evaluation (green and blue,
see Section 6.2.1 for detailed description). Box and whiskers indicate the
(spatial) variability of errors at the different Austrian stations. Boxes indi-
cate the first (q25) and the third (q75) quantile, the whiskers extend to q5

and q95, and the black horizontal line indicates the median.

Figure 6.2c reflects similar results on the monthly scale. The median
biases in both periods are close to zero in all months and the error
range over the stations is smaller than for the raw RCM. The analysis
of the other RCMs confirm these results, with some additional indica-
tion for non-stationarity in the SMHI-RCA model.

6.2.1.4 Wind speed

The error correction of wind speed leads to a reduction of the mean
bias from 2.1 m/s to −0.2 m/s in the split-sample approach (Fig-
ure 6.1 d). The range of biases over the stations is only reduced from
6.6 m/s to 4.2 m/s. However, this small reduction is caused only by
one single station. The mean bias of 0.2 m/s also is visible in the
monthly bias of the split-sample analysis (Figure 6.2 d) and the tech-
nical evaluation (not shown). A similarly small remaining bias can
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also be found in the other three RCMs. These remaining biases are
mainly caused by lacking quality of the observational data: As men-
tioned in Section 5.3 and Section 4.1, an interpolation error occurs if
the resolution of the observational data is much lower than the reso-
lution of the RCM. Wind measurements sometimes have gaps in the
data distribution of up to 0.6 m/s, already at small velocities. The
vertical stripes in the scatter-plots of Figure 7.1 a (see Section 7.2) for
wind speed demonstrates that. For testing, random noise was added
to fill those gaps, which results in a mean bias of zero. Nevertheless,
also with a remaining bias of 0.2 m/s after correction, QM strongly
improves raw RCM output.

6.2.1.5 Surface air pressure

The main bias of surface air pressure results from the different alti-
tudes of the model grid and the station. This effect is fully corrected
by QM, and results in a mean bias of zero for the technical as well
as for split-sample evaluation, for the entire year as well as for single
months (not shown).

6.2.2 Density distribution

The correction of density distributions from all four RCMs is presented
for the period from 1991 to 2010 (calibration: 1971 to 1990) on seasonal
scale (Figure 6.3 for summer), and the entire year in Figure B.7. Four
selected stations are evaluated (see Table 6.1). The density distribu-
tions of observation (black fat curve) were compered with raw (red
thin lines) and error-corrected (green thin lines) RCMs for temperature,
precipitation, relative humidity, wind speed, and global radiation.

Figure 6.3 demonstrates that the distributions of all models and
variables are nicely adjusted to the observed distribution. Various
distortions of the temperature distributions are corrected and the
over-pronounced frequency of light and medium precipitation ("driz-
zling effect") is adjusted. More details on the performance of QM for
daily precipitation including extremes are discussed in Themeßl et al.
(2012). With regard to relative humidity, the overestimated frequency
of near-100 % values and with regard to wind speed and global radi-
ation, underestimated frequency of higher values are corrected.

Such adjustment of the distributions would be trivial if the calibra-
tion and evaluation periods were the same, but is quite remarkable
in the split-sample analysis with two independent periods. In partic-
ular, some variables (e. g., relative humidity) and models (e. g., ICTP-
RegCM3 for wind speed) feature distributions that are very different
from the observation. Such strong modification of the distribution
by error correction raises the question, whether the corresponding
time-series and inter-variable relationships are still plausible after cor-
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Figure 6.3: Density distributions of the four raw RCMs (red thin lines), the
split-sampled error-corrected RCMs (green thin lines), and the observations
(black fat line) for summers (JJA) for the period 1991 to 2010 of Hohe Warte
Vienna, Sonnblick, Innsbruck University, Zermatt for a) temperature, b) pre-
cipitation, c) relative humidity, d) wind speed, and e) global radiation.
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Figure 6.4: RMSE of ERA40 driven raw RCMs (red) and split-sample corrected
(val: 1981 to 2000) (green) for whole years. Boxes contain RMSE of about
60 stations in Austria. Box and whiskers indicate the (spatial) variability of
errors at the different Austrian stations. Boxes indicate the first (q25) and
the third (q75) quantile, the whiskers extend to q5 and q95, and the black
horizontal line indicates the median.

rection. These issues are analysed in the following Section 6.2.3 and
Section 7.2.

6.2.3 Temporal structure

In order to analyse a potential distortion of the RCM’s temporal struc-
ture by QM, the RMSE and the autocorrelation of corrected and un-
corrected time-series from re-analysis driven RCM simulations were
regarded. In Figure 6.4 the RMSE for the four RCMs averaged over the
period 1981 to 2000 (calibration period 1961 to 1980) are displayed.
The box-and-whisker plots show spatial variability of 60 stations in
Austria.

The RMSE of temperature is generally improved by QM, with larger
improvement for models with larger RMSE (e. g., C4I-RCA3-ERA40). For
precipitation, QM has no clear effect on the RMSE. For relative hu-
midity the RMSE is improving, comparable to temperature. For wind
speed, the RMSE is only clearly affected for the model with the largest
RMSE and the worst distribution (ICTP-RegCM3-ERA40). Improvements
in the RMSE are related to the correction of strong biases and shifts in
distributions.

Figure 6.5 shows the autocorrelation of precipitation of the obser-
vation (black), the raw (red), and corrected (blue) four RCMs in each
panel for lags of up to 6 days. Autocorrelation of the precipitation
time-series is predominantly visible at lag-1 (around 0.3) with very
small values after that. The RCMs generally feature larger autocorrela-
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Figure 6.5: Upper panels shows autocorrelation function for 20 year period
(validation period 1981 to 2000) of precipitation, respectively, for observa-
tions (black), raw RCM-ERA40 (red), and split sample corrected RCM-ERA40

(blue) for four RCMs. The difference in autocorrelations of raw (red) and cor-
rected (blue) RCMs to observations is shown in the lower panels. Here the
grey line represents the observation (zero).
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Figure 6.6: Autocorrelation function and delta autocorrelation as in Fig-
ure 6.5 but for relative humidity.

tion than the observation, with slightly lower values of the corrected
than the raw model.

All four RCMs catch this autocorrelation well, which is not seriously
disturbed by error correction. The differences in autocorrelation coef-
ficients (lower panels) between corrected and uncorrected RCM are
very small (about 0.01 to 0.15). With regard to relative humidity (Fig-
ure 6.6), the autocorrelation is partly over- and partly underestimated
by the RCMs, depending on the RCM. For wind speed, like for precipi-
tation, the inter-daily dependency is weak (Figure 6.7). However, the
RCMs show a stronger autocorrelation than the observations do, and
the corrected RCMs are always closer to the observation than the raw
ones.

In summary, improvement or no change could be found in RMSE

and autocorrelation due to error correction. It should be emphasised,
that this improvement cannot be interpreted as an improvement of
the temporal structure of the time-series in a strict sense, but is rather
caused by correction of intensity and distribution. An actual improve-
ment of the temporal structure is out of the scope of the presented
error correction method. The results mainly demonstrate, that QM

conserves the temporal structure of RCM time-series, including their
strengths and weaknesses.
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Figure 6.7: Autocorrelation function and delta autocorrelation as in Fig-
ure 6.5 but for wind speed.

6.3 summary of direct validation

In the direct validation study the application of QM has been evalu-
ated for a small ensemble of RCMs and six meteorological variables:
temperature, precipitation, relative humidity, wind speed, global ra-
diation, and surface air pressure. The evaluation included biases and
measures for temporal consistency.

Annual and monthly biases were strongly reduced by QM for all
variables in most cases. Exceptions were found, when non-stationari-
ties of the model’s error characteristics occured. Those non-stationarities
were not restricted to highly variable variables like precipitation and
one particularly prominent case was found for temperature. Even in
the worst cases of non-stationarity, QM still clearly improved the bi-
ases of the raw RCM. Independent calibration and evaluation periods
have been used, which are affected by climate variability and change.
Thus, these results give some indication for the performance of QM

applied to future scenarios. However, the effect of non-stationarity
can be expected to be larger in far future, which limits the scope of
these results. Maraun (2012) demonstrated that for periods at the end
of the 21st century, a simple bias correction method only partially
improves the raw RCM results.

The purely empirical implementation of QM successfully corrected
variables with very different probability density distributions, which
makes it highly flexible and applicable to various meteorological vari-
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ables and regions. The drawback is the necessity to interpolate be-
tween values of the empirical cumulative distribution function (ECDF)
and to extrapolate for new extremes (Chapter 4), which leads to small
systematic errors in some cases with low-quality observational data
(for this studay wind speed).

Considerable differences were found between the distributions of
the uncorrected RCMs and observations in some variables (e. g., rel-
ative humidity) and models (e. g., ICTP-RegCM3 for wind speed). QM

successfully adjusts also these distributions. Such strong modifica-
tions raise the question whether the time-series are still plausible after
correction. This question was examined by analysing the autocorrela-
tion and RMSE of raw and corrected hindcast simulations. When ap-
plying QM to RCM output, improvement or no clear effect were found
in RMSE and autocorrelation.

These results demonstrate that QM strongly reduces biases, adjusts
distributions, and retains the quality of the temporal structure of the
time-series of RCMs. However, the retainment of the temporal struc-
ture is not an improvement as deficiencies of the RCMs in those fea-
tures are retained as well.



The reality of scientific endeavour is profoundly messy, often illogical,
deeply emotional, and driven by the individual personalities involved as

they sleepwalk their way to a temporary scientific truth.

— Jim Baggott

7
VA L I D AT I O N O F I N T E R - VA R I A B L E R E L AT I O N S

7.1 outline of validation concepts

The topic of physical consistency and inter-variable relations of cli-
mate model output, in particular using statistical downscaling, is
widely discussed in the climate impact modelling and climate impact
community. Climate data are commonly used as input for climate
impact models (e. g., snow models, hydrological models, economical
models). A reasonable correct output of those models depends on the
correct representation of physics in climate data.

Nevertheless, most studies “only” evaluate the downscaling model
output uni-variate (e. g., Gilliam and Pleim, 2010; Vautard et al., 2012),
not considering the representation of inter-variable relations. Hoff-
mann and Rath (2012) have done one of few studies analysing the me-
teorologically consistency after applying a bias correction (BC) method.
They use standard quantile mapping as proposed by Piani et al. (2010a)
(fitting cumulative distribution function (CDF)) and introduce a modi-
fied consistent quantile mapping to correct hourly precipitation and radi-
ation for a couple of stations in Germany. The improved consistency is
gained by creating two conditioned empirical cumulative distribution
functions (ECDFs) instead of one unconditioned ECDF for each variable.
Additionally, a weighting factor is used to find the combined optimi-
sation between optimised bias correction and optimised consistency.
As consistency measure the inverse bi-variate ECDF is calculated.

A study on RCM output used for air quality simulations (Gilliam
et al., 2006) evaluates the inter-variable correlation of direct RCM out-
put (wind speed, wind direction, and temperature) as well as derived
variables (dewpoint, surface pressure, precipitation, and cloud frac-
tion). A very similar approach has been done for this PhD thesis and
is presented in Section 7.2.

Guenni et al. (1990) investigate the inter-variable correlations of
temperature (mean, minimum, maximum) to fractional cloudiness
and sunshine duration. They analysed only observations to gain in-
formation for a crop model, not simulated variables.

Few other studies (e. g., Lenderink and van Meijgaard, 2008; Berg
et al., 2009; Piani and Haerter, 2012) investigate temperature and pre-
cipitation relations. The main interest is on the assumption that pre-

45
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cipitation intensities increase with increasing temperature (Clausius-
Clapeyron relation). Therefore, the focus of those studies was on the
top end percentiles for precipitation (e. g., Berg et al. (2009), 70th, 90th,
99th, 99.9th percentiles of precipitation for 2 K bins). I. e. Berg et al.
(2009) investigated a distribution conditioned on a threshold value
of another variable, which is similar to my approach, discussed in
Section 7.3, where I investigate the distribution of the variable condi-
tioned on a distribution of another variable.

Here, the topic of inter-variable relations is accessed with six mete-
orological variables (Chapter 5) in two steps. The first approach tests
the effect of Quantile Mapping (QM) on the inter-variable correlation
given by an RCM. Bi-variate correlations in raw and corrected RCMs

were analysed regarding their linearity and rank in Section 7.2.
As most variable pairs are not strongly linear correlated and the

rank can hardly be disturbed by QM, a more differentiated evaluation
is needed. Therefore, inter-variable relations in RCMs were examined
by comparing joint distributions of pairs of RCM output variables.
Climate models use different parameterisations, numerical solvers,
grid, etc. and therefore behave different for single variables (see, e. g.,
Figure 6.3 in Section 6.2.2). Therefore, in approaching this analysis
method an ensemble of RCMs (driven by re-analysis) was considered.

7.2 inter-variable correlation

QM acts on each variable separately, so concern exists, whether inter-
variable dependencies are distorted by QM. The focus here is not on
the physical consistency of raw RCMs, but on changes of inter-variable
relations in RCMs due to QM.

One way to validate the inter-variable correlations is by visual dis-
play. Friendly (2002) presented a possibility to combine the magni-
tude and sign of correlation in a plot together with various forms of
display, e. g., a scatterplot or pie chart like in this study. Consider-
ing more than two variables one gains a matrix of plots (Figure 7.1),
which he called corrgram. The individual correlation plots can be re-
ordered to group “similar” variables. The re-ordering can be done
by applying a principal component analysis. The grouping assists the
exploration of similar variables and correlations. In this study the
grouping was not included. Correlation matrices of three data sets
were compared with each other.

Here, a corrgram of five meteorological variables were created for
observations, raw RCM, and bias corrected RCM output. The RCMs are
driven by GCMs and have been corrected for the 128-year period, 1971

to 2098. The validation is done for the historical 40-year period, 1971

to 2010, as well as for two 30-year periods in the future: near future
2021 to 2050 and far future 2069 to 2098. As inter-variable correlation
can be regionally different, four stations with representative locations
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have been chosen, three in Austria (Sonnblick, Hohe Warte Vienna,
and Innsbruck) and one in Switzerland (Zermatt). For more details
on their locations and exhibitions see Section 6.1.

7.2.1 Results of validation of inter-variable correlations

The correlations of five variables are analysed pairwise before and
after correction, As for comparison the observed correlation is shown.
Figure 7.1 shows 12 corrgrams, which illustrate scatterplots and corre-
lation coefficients of each pair of variables at the four selected stations.
The correlations are discussed exemplarily for the ICTP-RegCM3 model
in summer. Results for further seasons are shown in Figure B.9 to Fig-
ure B.23. Three more RCMs have been investigated and show the same
results (not shown).

Since most variables are not linearly correlated, the Spearman rank
correlation coefficient as been chosen, which is based on the ranks
and not on linear relation like the Pearson correlation coefficient (Wilks,
2006). QM is a transformation that conserves ranks. This, however, is
only valid for a specific day of year (DOY) in our implementation
of QM, since for each day of the year, single ECDFs are created. The
Spearman coefficient regards ranks of the entire time-series under
consideration which can be modified by QM indeed.

The coefficients are shown as pie-charts in Figure 7.1 and addition-
ally for Zermatt in Table C.1. The correlation coefficients are calcu-
lated for the period 1971 to 2010 (1981 to 2010 for Zermatt). For the
historical analysis, the technical approach (c. f. Section 6.2, calibration
period equals evaluation period) has been used. In addition, a similar
analysis for future scenarios is shown in Figure 7.2 for near and far
future for the station of Innsbruck (for other stations see Figure B.9
to Figure B.23).

Comparing the scatterplots and the Spearman coefficients of the
raw (Figure 7.1 b) and error-corrected RCM (Figure 7.1 c), no big differ-
ences are visible. Table C.1 underlines this for the station of Zermatt.
The correlation of temperature with global radiation shows small dif-
ferences, same as precipitation with wind speed, and precipitation
with relative humidity. This also counts for the other seasons. Never-
theless, no systematic degradation of the RCM’s correlation by apply-
ing QM can be detected. Differences in the scatterplots are related to
the mapping of the value range towards the observations. This com-
presses or stretches the scatterplots without changing the correlation
itself.

Considerable differences are visible when comparing the correla-
tions of observation (Figure 7.1 a) and raw RCMs. The observed cor-
relations, e. g., of wind speed and relative humidity for Innsbruck
and Sonnblick show opposite signs and different shapes of scatter-
plots. The correlation coefficient of wind speed and temperature is
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Figure 7.1: Correlation matrices for the period 1971 to 2010 (Zermatt 1981

to 2010) including temperature (tas), precipitation (pr), relative humidity
(hurs), global radiation (rsds) (only for Vienna and Zermatt), and wind
speed (wss) for selected stations in Austria and Switzerland for a) ob-
served, b) modelled, c) error-corrected modelled data in summer (JJA). Pie
charts show Spearman correlation coefficients, indicated with counterclock-
wise (negative correlation, blue) and clockwise (positive correlation, red) pie
slices. Lines in scatterplots are the Loess fit. The values above and below the
variable names give the range of the data. The model shown here is the
ICTP-RegCM3.
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Figure 7.2: Correlation matrices for Innsbruck for summer (JJA) of the peri-
ods (top) 2021 to 2050 and (bottom) 2069 to 2098 for (a) raw and (b) corrected
RCM. Same layout as for Figure 7.1.

much higher in the RCM than in the observation. Those differences
can be caused by e. g., model parameterisation, observational errors,
or local effects which RCMs cannot capture due to scale discrepancies.
QM does not correct such effects, it rather conserves the inter-variable
correlations of the RCMs.

For future periods (Figure 7.2), as for past periods, the correlations
given by the RCM are not systematically changed by QM. This is a
pleasant result, given the RCM provides a correct representation of
the physical processes. If this is not the case a bias correction like QM

does not correct those deficiencies.

7.3 inter-variable relations in rcm output as conditio-
nal densities

As mentioned in the outline (Section 7.1), this study approaches the
inter-variable relations of five RCMs (c. f. Section 5.1) by evaluating
conditional densities of pairs of meteorological variables. The vari-
ables are air temperature, precipitation amount (only wet days, de-
fined as precipitation > 0.1 mm/d), relative humidity, global radia-
tion, wind speed, and surface air pressure. For evaluation, again, the
point-scale observations of ZAMG were used, but aggregated to RCM

grid cells (Section 5.3 for details on the aggregation).
A 20-year period in the past has been chosen for evaluation, 1981

to 2000. As all variables show different characteristics in distribution
depending on the season or even month considered, daily time-series
were used and validated on monthly basis. For a 20-years period i. e.
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one time-series connects, e. g., 20 Januaries, another time-series con-
tains 20 Aprils.

7.3.1 Method — conditional density

Conditional density is the probabiliy density function (PDF) of one
variable (say precipitation) at a specific value of another variable (say
a temperature of 0 ◦C). There is a wide range of interesting tempera-
ture values or other variables to condition on.

To avoid the quandary of choosing the “right/interesting” thresh-
old (and maybe forgetting an even more interesting one) and to re-
duce the amount of graphs produced, conditional density estimates
were calculated. This results in a set of PDFs, one for each value of
the conditioning variable; and these can be displayed as a perspective
plot such as shown in Figure 7.3.

Picturing the conditional behaviour of variables can be done by sim-
ply drawing a histogram of frequencies of variable x at a certain value
of variable y. To get a clearer view on the underlying structure of this
distribution, one can use density estimates instead of histograms.

Density estimates of single variables can be calculated by applying
a smooth kernel function (Bowman and Azzalini, 1997)

f̂ (x) =
1
n

n

∑
i=1

w(x− xi; h), (7.1)

with f̂ (x) being the density estimate, w is a smooth kernel function,
which is symmetric about zero and which satisfies

∫ ∞
−∞ w(x; h)dx = 1.

This restriction ensures that the density estimate itself integrates to
1 and hence is a valid PDF. The restriction also amounts to a require-
ment that the kernel function is itself a PDF: the quantity h is a mea-
sure of the spread of this kernel function and, analogous to the choice
of bin width in a histogram, controls the smoothness of the resulting
density estimate. The degree of smoothing is defined by h and needs
to be set individually (see Section 7.3.1.1).

Given two variables X and Y, with PDFs fX(x) and fY(y), respec-
tively, and joint density fX,Y(x, y) (Equation 7.2),

f̂X,Y(x, y) =
1
n

n

∑
i=1

w(x− xi; hx)w(y− yi; hy) (7.2)

the conditional density of X when Y = y is defined as

f (X|y) = fX,Y(x, y)
fY(y)

(
or f (Y|x) = fX,Y(x, y)

fX(x)

)
, (7.3)

where f is the density function, X the variable of interest, and Y the
variable to be conditioned on (e. g., Loader, 1999; Pagan and Ullah,
1999; Li and Racine, 2007).
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Figure 7.3: Conditional density estimate ( f (Y|x) = fX,Y(x, y)/ fX(x)) for rel-
ative humidity (Y) conditioned on temperature (X), created with condens1
function of the aratio package in R.

The densities of, e. g., relative humidity conditioned on tempera-
ture results in a 3-dimensional graph with relative humidity on the
x-axis, temperature on the y-axis and the conditional density as z-
values (e. g., like in Figure 7.3).

To calculate the density functions/estimates of fX,Y(x, y) and fY(y)
(see Equation 7.1 and Equation 7.2) the R-package “sm” (Bowman
and Azzalini, 1997) was used, which includes a function “sm.density”,
to calculate density estimates. For the purpose of calculating a condi-
tional density as in Equation 7.3, it is important that the uni-variate
density fY(y) is compatible with the joint density fX,Y(x, y) in the
sense that fY(y) =

∫ ∞
−∞ fX,Y(x, y)dx. To ensure this in our density esti-

mation, we use sm.density() to estimate the bi-variate density fX,Y(x, y),
and then derive the marginal density estimates by integration as ap-
propriate.

7.3.1.1 Implementation

For meaningful comparison of the conditional densities obtained from
observations and from the RCM, it is important to ensure that they
are estimated in exactly the same way so that any discrepancy be-
tween them cannot be attributed to differences in the estimation pro-
cedure. In particular, the choice of smoothing parameters hx and hy

must be the same for the RCM as for the observations. By default, the
sm.density() routine uses the data to determine an appropriate choice
of smoothing parameters; but to ensure that the choices in this work
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are appropriate, for each pair of variables the means of the smoothing
parameters for the observations and for the RCM have been used:

hx =
hx,obs + hx,mod

2
, hy =

hy,obs + hy,mod

2
(7.4)

For any pair of variables, meaningful comparison between the con-
ditional density estimates for the RCM and observations also requires
that the conditional densities are estimated on the same grid of values.
To ensure this, for each pair of variables the conditional densities are
evaluated over a regular grid ranging from the smallest to the largest
value of each variable in the combined sample of RCM and observed
values.

In the case of strongly skewed distributions, like precipitation, sin-
gle outliers can occur with a distance bigger than the smoothing pa-
rameter to the bulk of values. This occurrence leads to discontinu-
ities in the density estimate. To avoid such, one could use a vari-
able smoothing parameter (higher value for outlier and smaller value
for values close together), which would make a comparison between
two data-sets impossible (or at least senseless). Another solution is
to work with transformed precipitation data to reduce the skewness.
This is simpler and more appropriate for this application. Thus, the
logarithm of precipitation was used.

RCM data is evaluated against observation, i. e. conditional densities
have been calculated for modelled and observed data. As a visual
evaluation (compare two graphs with naked eye) is not as accurate
as a single value or a single graph, the ratio ϕ of the simulated and
observed conditional density estimates were calculated:

ϕ =
f̂mod(x|y)
f̂obs(x|y)

(7.5)

A potential disadvantage of this expression is that it can range over
several orders of magnitude due to sampling variation, especially
where f̂obs(x|y) is close to zero. This variation can make visualisation
(as in Figure 7.3) difficult. To overcome this problem, Equation 7.5 has
been logarithmised. If the observed and modelled conditional densi-
ties are equal, that means log ϕ = 0.

7.3.1.2 Uncertainty

To answer the questions “What does a ratio of 0.2 or of 4 mean?” “Is
0.2 still O.K.?”, to support the evaluation of the ratio plots and give
a hint on how variable the results are, the standard deviation σ has
been calculated (Equation 7.6):

σ =

√
∑N

i=1(log(ϕi)− log(ϕ))2

N
(7.6)
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ϕ is the ratio (Equation 7.5) calculated before, and N are the samples
gained by bootstrapping1. σ is smallest in regions where the log-ratio
can be estimated relatively precisely (e. g., in regions with large num-
bers of data points) and is larger elsewhere.

To interpret the standard deviations, it is helpful to bear in mind
that if the sampling distribution of the estimated log-ratio (i. e. the
logarithm of Equation 7.5) is approximately normal then the estimate
should be within two standard deviations of the true log-ratio around
95 % of the time.

The standard deviation is applied under the assumption of normal
distribution and homoscedasticity. Thus, the ratio has been logarith-
mised, which tones down the violation against those assumptions.

7.3.2 Results & discussion of conditional densities in raw RCMs

To keep this study focused and to avoid huge amounts of plots (with-
out gaining more information) results for selected months, grid cells,
and variables are presented. The months have been cut to four rep-
resentatives for the four seasons: January, April, July, and October.
Region-wise three very different grid cells have been selected. For
high mountains grid cell 3 (Hohe Tauern Nationalpark) with station
heights between 1041 m and 2315 m is chosen, for flat terrain grid cell
7 (Vienna) with station heights between 153 m and 222 m, and for a
region with mountains and valleys grid cell 6 (Pongau) with station
heights between 550 m and 1503 m (c. f. Figure 5.4) were selected.

The following discussion focuses on special combinations of vari-
ables. Hereby the physical relation of variables is considered. That
gives six pairs of variables:

(a) Wind speed conditioned by pressure as a large-scale process in
winter over flat terrain. An RCM should be able to catch this rela-
tion quite easily.

(b) While the same pair of variables but evaluated in autumn over
more difficult terrain is more difficult for the RCM. Wind speed is
related to convective processes as well, which are not resolved by
the model.

(c) Temperature conditioned on global radiation over flat terrain in
summer, which has a strong relation.

(d) Temperature conditioned on precipitation.

1 Simple bootstrapping means random sampling with replacement of homogeneous
samples. The time-series of RCM and observation have been pair-wise sampled
(quadruple, because two variables and two time-series) 1000 times, as is recom-
mended for density estimates (Davison and Hinkley, 1997) (remember here that the
time-series are for single months). The pair-wise sampling preserves the connection
of RCM and observations to be evaluated.
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(e) Relative humidity conditioned on temperature has a strong phys-
ical relation as well.

(f) Precipitation conditioned on temperature is considered more dif-
ficult for the RCM as the correlation is not strong, furthermore,
precipitation amount is difficult to simulate (convection resolving
simultions in Chapter 2.

The log-ratio of the conditional density estimates and its standard
deviation for a variable with all combinations of conditioning is com-
bined in one graph (e. g., Figure 7.4) by showing the log-ratio as heat
map overlaid by the standard deviation as contour plot. The colour
intensity shows the discrepancy of log-ratio from zero. The white
colour is set to ±0.25.

Figure 6.3 in Section 6.2.2 shows uni-variate density distributions.
To have those in mind helps evaluating the conditional densities pre-
sented below. Also, remember from above that the ratio ϕ (Equa-
tion 7.5) is calculated from ϕ = f̂mod/f̂obs, i. e. a small ϕ indicates a
bigger value for the observed conditional density than for the simu-
lated one, which then results in a negative log ϕ. That means:

• f̂mod > f̂obs → log ϕ > 0

• f̂mod < f̂obs → log ϕ < 0

a) wind speed | surface pressure (flat, winter) Wind
speed and surface pressure are large-scale climate variables which
are strongly related. Figure 7.4 shows a good match between sim-
ulated and observed conditional density for low to medium wind
speed intensities for all RCMs but ICTP.

High wind speeds are underestimated by the models (negative
log ϕ). This structure is visible for all pressure situations which in-
dicates an overall bias towards lower wind speeds, independent of
surface pressure. Even though the uncertainty range for higher wind
speeds is wider (larger standard deviation), it excludes a good match
for RCM and observation. As an example in Figure 7.4 for Sveriges
Meteorologiska och Hydrologiska Institut (SMHI), this means the cal-
culated log-ratio has a value of 8 and the standard deviation is about
2.8. Here the uncertainty would only allow a value of 5.2 (8 − 2.8)
which is still far off zero, the perfect match. Higher standard devia-
tions for low pressure values show a more variable density distribu-
tion of wind speed.

The ICTP model shows a bad performance for log ϕ(wss|ps) which
was expected when comparing with Section 6.2.2 d, where the simu-
lated distribution of wind speed is very different from the observed
one. Even though not named there, the ICTP model is the one model
with a wrong representation of the density distribution for wind
speed. log ϕ(wss|ps) for the ICTP model is underestimated for low
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Figure 7.4: Log-ratio (colour bar) of wind speed conditioned on surface pres-
sure for the region Vienna (7) in January 1981 to 2000, for five RCMs. Overlaid
by the standard deviation as contour plot.
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Figure 7.5: Log-ratio of wind speed conditioned on surface pressure for the
region Hohe Tauern (3) in October 1981 to 2000.

wind speed and overestimated for medium to high wind speed. The
white region, here, indicating f̂mod = f̂obs is the transition zone from
under- to overestimation, at ≈5 m/s for all surface pressure values.

b) wind speed | surface pressure (mountainous , autumn)
In autumn one experiences low pressure systems with strong winds
in middle Europe. Over the mountains the intensities are even higher.
As pressure systems are large-scale phenomenons, the strong winds
should be well presented by the RCMs. Figure 7.5 shows such rela-
tionship for the Hohe Tauern region in October. A similar picture
as in Figure 7.4 is presented for SMHI-RCA, KNMI-RACMO2, and ICTP-
RegCM3, but with higher standard errors at high wind speeds and
higher values for log ϕ(wss |ps) already for medium wind speeds.
In autumn over high mountains METO-HC-HadRM3Q0 shows a differ-
ent log ϕ(wss |ps) structure than in winter over flat terrain. Low
wind speeds at medium pressure are well represented, also consid-
ering the low uncertainty. Like the other RCMs, METO-HC-HadRM3Q0

has a high uncertainty for high wind speeds, which makes a clear
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Figure 7.6: Log-ratio of temperature conditioned on global radiation for the
region Vienna (7) in July 1981 to 2000.

interpretation difficult. For extremes like with METNO-HIRHAM where
log ϕ(wss |ps) is outside of the standard deviation, one can say that
signal from the RCM is a clear and strong underestimation of the inter-
variable relation of wind and pressure.

c) air temperature | global radiation Air temperature de-
pends on global radiation, which is visible in the seasonal and diurnal
cycle of temperature. Figure 7.6 shows a slightly biased density distri-
bution of the RCMs for air temperature for Vienna region in July. The
RCMs overestimate low temperatures and underestimate high temper-
atures for low global radiation, in particular ICTP-RegCM3. For very
low radiation values the agreement between SMHI-RCA and observa-
tion is good, which is indicated by the white area and low standard
deviation. The other RCMs show an overestimation for high radiation
values and extreme temperatures. Thus, ignoring extreme tempera-
tures, f̂mod represents f̂obs quite well for all shown RCMs.
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Figure 7.7: Log-ratio of temperature conditioned on precipitation amount
for the region Vienna (7) in April 1981 to 2000.

d) air temperature | precipitation Temperature is affected
by precipitation amount, e. g., during small-scale phenomena like con-
vective events or large-scale systems like cold fronts. During convec-
tive events single stations can experience a sudden cooling introduced
by a thunderstorm, where cool upper level air is pushed downwards
with the rain and hail. This happens on sub-daily scale, but results in
a lower daily mean temperature. As RCMs usually do not simulate on
convection resolving scale (which is smaller than 0.22° × 0.22°), one
would expect a mismatch for those medium precipitation amounts
(as daily sums are investigated, not hourly). Precipitation introduced
cooling due to cold fronts is related to large-scale meteorology, i. e.
low pressure systems. In fact it works inversely, as the cool air propa-
gates and pushes under the warm air, lifts it, which results in precipi-
tation. But such meteorological differences are not distinguishable in
this statistical analysis. However, large-scale processes should be well
presented by the RCMs.

Figure 7.7 shows the log-ratio for temperature and precipitation
amount for the Vienna region in April. Even though the best part
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Figure 7.8: Log-ratio of relative humidity conditioned on near surface tem-
perature for the region Pongau (6) in July 1981 to 2000.

of the temperature distribution seems to be well simulated (white
regions in the middle) by all RCMs, the variability is quite high for
ratio values that are small on the edges of these graphs. E. g., for
extreme high temperatures and extreme precipitation amounts the
uncertainty range is larger than ±3.6, so the conditional density of the
RCMs can be higher than observed (as shown here), but also smaller.

e) relative humidity | air temperature Air temperature af-
fects relative humidity directly by expanding or shrinking of the vol-
ume of an air parcel by heating or cooling, which affects the amount
of water that can be contained. On small scales, like shading of moun-
tains, this is observed in diurnal cycle, which does not count in this
study as daily mean values are evaluated. Beside local small-scale ef-
fects, the same relation between temperature and relative humidity is
observed on large-scales with, e. g., frontal processes.

In Figure 7.8 the ratio for the Pongau region (medium high moun-
tains and valleys) in July is shown. The ratio shows a strong linear
signal for SMHI-RCA and ICTP-RegCM3. The RCMs underestimate the
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Figure 7.9: Log-ratio of precipitation amount conditioned on near surface
temperature for the region Hohe Tauern (3) in July 1981 to 2000.

conditional density for low relative humidities and overestimate it
for high humidity values, in particular for high temperatures. As this
structure is nearly parallel, a clear statement about the conditional
densities of RCMs and observation is difficult. The parallel structure
indicates a bias in the RCMs for relative humidity (Figure 6.3 c as well
as Figure 6.1 c and Figure B.3 c, Figure 6.2 c and Figure B.6 c) which
is stronger than the differences in conditional densities of RCM to the
observations. The strong bias in relative humidity is visible for all re-
gions. However, there is apparently some temperature dependence to
this bias, as the white stripe has slightly off-vertical alignment.

A similar structure is present for the KNMI-RACMO2. The off-vertical
alignment of the underestimation of conditional densities can be found
here as well. On the other hand much more confidence can be given
into the representation of medium and high humidity values for
medium and high temperature values for KNMI-RACMO2, METO-HC-
HadRM3Q0, and METNO-HIRHAM.
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f) precipitation | air temperature In summer most precip-
itation in mountainous regions is induced by convection. Therefore,
the relation of daily precipitation amount and daily mean air temper-
ature on RCM-scale is not very strong. The conditional density of the
RCMs seems to match well the observed density for most parts of the
distributions for the METO-HC and SMHI model (c. f. Figure 7.9). On
the other hand the uncertainty range for extremes of both variables is
high. The parellel structure visible in the results for METNO, ICTP, and
KNMI model indicate a strong bias in the precipitation field which
hides the influence of temperature on the distribution of precipita-
tion.

7.4 summary of inter-variable relations in rcms

Many climate impact models need multiple climate variables as driv-
ing data. Thus, the physical relationship between those variables need
to be correct, i. e. as observed in reality, to get physical reasonable
model output. The bias correction of single variables (which is the
general topic of this work) raised the question whether inter-vari-
able relationships are still plausible after correction. Therefore, inter-
variable correlations have been validated for four example stations
and four RCMs for historical and future periods. When applying QM

to RCM output, no clear effect on the correlation between meteoro-
logical variables could be found. The main result of this part is that
QM retains the quality and also the deficiencies of the inter-variable
dependencies of RCMs.

In a comparison of correlations gained by raw RCM output and by
observations, considerable differences were found. RCMs are based on
physics but use many parameterisations to descibe unresolved and
complex processes. Those parameterisations—together with model
errors, numerics, discretisation, scale discrepancies—not only intro-
duce errors (e. g., Feser, 2006; Prein et al., 2013b) but also lead to
incorrect inter-variable relations.

To estimate the inter-variable relations conditional densities of pairs
of variables have been calculated for five example RCMs driven by
ERA40. The densities of an RCM have then been compared to the con-
ditional densities of observed variables.

The main results in the second part of the study (Section 7.3.2),
showed a mismatch of the conditional densities of RCMs and obser-
vations. The mismatch varies in intensity for regions, months, and
variable pairs. Variables with a high bias in the simulation (e. g., rel-
ative humidity) were more difficult to interpret, as the inter-variable
signal in the ratio of RCM and observation was weaker than the bias
of single variables (like relative humidity). On the other hand, if the
physics in the RCM was correct then any bias in one variable would
translate into a corresponding bias in the other: but in this case the
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conditional densities would still be the same in the RCM and in the
observations. Thus, more investigation is need to be carried out.

I also intend to applying the analysis of conditional densities on
bias corrected (quantile mapped) data, in particular for variables with
strong biases one should gain a better picture of inter-variable rela-
tions. As QM changes the distributions of each variable, a different
output can be expected for the conditional densities. In case of relative
humidity the correction of the marginal distributions might change
the conditional distribution towards the observed, which might count
as improving the inter-variable relation in the RCM. More thoughts
and time would be needed for that extended approach.



No amount of experimentation can ever prove me right; a single experiment
can prove me wrong.

— Albert Einstein

8
I N D I R E C T VA L I D AT I O N O F Q U A N T I L E M A P P I N G

8.1 outline of validation concept

Evaluating impacts of future climate on regional scale is an ongoing
task for climate and impact researchers (Varis et al., 2004). Projects
like CC-Snow cover that topic related to future snow development
regarding ski tourism in the Austrian Alps. Therefore, high-quality
climate data are essential for a reasonable interpretation of impact
model results (Christensen et al., 2008).

Impact models run on different resolutions and require preferably
driving climate data on their corresponding scale. In particular mod-
elling on local scales (e. g., river catchments, mountain slopes) is done
on high resolutions down to a couple of meters (e. g., Xu, 1999; Strasser,
2008). Thus, to bridge the gap in resolution, statistical downscaling
and error correction is applied (e. g., Maraun et al., 2010) in this val-
idation study. In Chapter 6 the good skill of Quantile Mapping (QM)
is shown for correcting biases of RCMs for different meteorological
variables, relevant for impact studies.

Impact researchers are interested, not only in statistics of RCM out-
put, but also in the effects of downscaling and error correction on
their impact model output (e. g., Graham et al., 2007). Most studies
use simple bias correction methods on GCM data (e. g., Sharma et al.,
2007; O’Connor et al., 2009; Ye et al., 2012) and focus on evaluating the
bias and root mean squared error (RMSE) (Dirmeyer et al., 2011; Hage-
mann et al., 2011). Compared to climate focused studies, however,
they consider variables like radiation (Berg et al., 2003; Haddeland
et al., 2012), humidity (O’Connor et al., 2009), wind, and soil mois-
ture (Dirmeyer et al., 2011) beside the standard variables temperature
and precipitation.

The indirect validation is a concept to investigate the effects of cor-
rected RCM output on impact model output. Here, this is done in
two ways: one simple approach is an index, the second is a snow
model. The index is calculated from at two meteorological variables
and count as simple model (see Section 5.4). The snow model is a
physically based model (AMUNDSEN), developed by Strasser (2008),
which uses five meteorological variables (see Section 5.2)

The snow model is driven with different sets of RCM output:

63
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1. all variables uncorrected

2. all variables corrected, and

3. all variables corrected, but one single variable

Using a set of corrected climate variables but one variable uncor-
rected means using a physical inconsistent data-set. In Chapter 7 it
was shown that QM does not destroy the inter-variable relations of
variables corrected independently. But not correcting a single variable
does. Error correction methods rely on reference data (observations)
for calibration (Chapter 4). This is a practical problem which must
often be faced by impact modellers. In some applied cases it is not
possible to correct single climate variables (which are important for
the impact model) due to missing or short observation periods. Using
uncorrected climate data would result in a biased impact.

Even though the observation network in European countries is
quite dense, this does not account for, e. g.,the southern hemisphere.
Considering variables like radiation, the observation network is sparse
even for Europe. Wind speed is covered well, but the length of high
quality measurements is short (< 10 years). The uncertainty in the
observations transfers directly to the error correction and thus to the
corrected climate data (Chapter 4).

One intention of this study is to investigate the effect of inconsistent
climate data on impact models, using AMUNDSEN exemplarily. Beside
that, the effect of error correction on snow model output at different
locations in Austria was investigated.

The study region is Austria with the very complex terrain of the
Alps and flatter regions in the East. Figure 8.1 shows the station con-
sidered here. In black (and red) one finds 12 stations with long snow
measurements, considered for validating with the snow model. As
the indices are related to heat and drought, five of the warmest sta-
tions in Austria were chosen, indicated in blue (and red) (also Ta-
ble C.3).

Parts of the study described in this chapter were carried out to-
gether with partners from the CC-Snow project. (Florian Hanzer1, Dr.
Thomas Marke1, and Prof. Dr. Ulrich Strasser1), who developed and
ran the snow model AMUNDSEN.

The impact of bias corrected RCM output on derived variables (snow
water equivalent (SWE), snow depth (SD), and snow fall amount (SF))
is evaluated on seven components which are shortly introduced in the
following. The snow-day frequency (wet-day frequency for solid pre-
cipitation only) in winter shows the difference to the fully corrected
climate data (Section 8.2.1). The effect on the snow model variable
SWE is investigated in Section 8.2.2. Both validations were carried out
for METNO-HIRHAM (driven by HadCM3Q0) and C4I-RCA3 (driven by
HadCM3Q16).

1 Institute of Geography, University of Innsbruck, Austria



8.1 outline of validation concept 65

 

 

9620

15410 16400

3120

18210

7710

10510

6620

12810

19821
20220

6300

5906

6101
5990

2600
2400

10 11 12 13 14 15 16 17
Degrees East

46
.5

47
.0

47
.5

48
.0

48
.5

49
.0

D
eg

re
es

 N
or

th

Figure 8.1: Observation station locations of the ZAMG used for indirect val-
idation, for the snow model (black & red) and for the THI (blue and red).
Numbers indicate the station ID. Station coordinates and heights can be
found in Table C.3.

In Section 8.2.3 the snow model efficiency is described by evaluat-
ing the Nash-Sutcliffe-Efficiency (NSE) (Section A.3) for SD related to
different reference data. A 2 × 2 contingency table describes the three
dimensions of a yes-no forecast of SF in Section 8.2.4. The persistence
is evaluated by calculating the autocorrelation function (ACF) of SF

and the maximum number of days with snow cover (Section 8.2.5).
These measures are validated for METNO-HIRHAM and C4I-RCA3, both
driven by re-analysis (ERA40) and winter seasons only. The winter sea-
son is defined as November to March.

All evaluation on SF is done only for wet days. To keep track of
the uncorrected and corrected climate variables used as input for the
snow model in each validation step, some definitions are given here:

• “xv_uncor”, where x is a snow variable, e. g., SWE and v is an
element of the group of uncorrected climate variables: air tem-
perature, precipitation, relative humidity, global radiation, wind
speed, and all. E. g., SWEpr_uncor is SWE simulated by using cor-
rected variables but precipitation was not corrected.

• “xall_v_cor”, which means a simulated snow variable where
only corrected climate variables have been used

Considering the summer season the THI, which is a precipitation
un-related measure, was calculated for four RCMs (c. f. Section 5.1)
re-analysis driven on six observation stations indicated blue in Fig-
ure 8.1. In Austria a heat index is only relevant for the hottest sum-
mer months. Thus, the THI was estimated for July and August in a
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Figure 8.2: Relative absolute difference in [%] (colourkey) in number of snow
days (NOS)v_uncor overlaid by absolute values of NOSv_uncor (upper value)
and absolute values of NOSall_v_cor (lower value), used METNO-HIRHAM

(driven by HadCM3Q0), accumulated for November to March in 1970 to 2000.

20-year period, 1981 to 2000. Here, bias corrected temperature and
humidity was used as well as uncorrected temperature and humidity.
In Section 8.2.6 the bias and frequency distribution of THI is validated.

8.2 results & discussion of indirect validation

8.2.1 Effect on number of snow days

The difference in number of snow days (NOS) (days with solid pre-
cipitation) has been investigated for the winter months, November to
March, in 30 years (1970 to 2000) for two GCM-driven RCMs (METNO-
HIRHAM-HadCM3Q0 and C4I-RCA3-HadCM3Q16). The NOS relates to the
representation of temperature and humidity. In Figure 8.2 the relative
absolute difference of the NOS is shown with reference to NOSall_v_cor
(colourkey) for METNO. The stations are indicated on the x-axis and
y-axis shows each v of NOSv_uncor. Each cell shows the absolute NOS

for the respective v_uncor (upper value) and of NOSall_v_cor (lower
value), respectively.

As could be expected, wind speed and radiation do not effect the
solid phase and amount of precipitation. Thus, using those variables
uncorrected within an otherwise corrected data-set works well for
this snow model. Uncorrected precipitation amount yields the largest
difference in NOS. While a bias in temperature (in particular a warm
bias) as well as—to a smaller extent—in humidity influences the phase
of precipitation. Using the C4I model produces a very similar picture,
with an even more pronounced signal for uncorrected precipitation
(c. f. Figure B.25).
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Figure 8.3: Median of relative differences [%] in SWEv_uncor compared
to SWEall_v_cor as values and colourkey RCM: METNO-HIRHAM (driven by
HadCM3Q0), period: November to March, 1970 to 2000.

8.2.2 Effect on snow water equivalent

Furthermore, the relative and absolute differences in SWE was calcu-
lated. It is the difference of SWEv_uncor to SWEall_v_cor, which is
described in Equation 8.1.

∆SWEabs,v = |SWEv_uncor − SWEall_v_cor|, (8.1a)

∆SWErel,v =
|SWEv_uncor − SWEall_v_cor|

SWEall_v_cor
, (8.1b)

where v_uncor means that all climate variables used in the snow model
were corrected but the vth. ∆SWEabs,v and ∆SWErel,v were calculated
for each station, respectively, for the winter period and are shown as
levelplots in Figure 8.3 (relative difference) and Figure 8.4 (absolute
difference) for the METNO model. Individual winter months have been
evaluated as well (not shown) They show the same characteristics as
the plot for the whole season, despite the seasonal cycle of snow.

Regarding the correction or not correction of precipitation and tem-
perature Figure 8.3 shows a similar signal as for NOS in Figure 8.2.
Not correcting those two variables, respectively, yields to a large dif-
ference to SWEall_v_cor. This result is quite intuitive as precipita-
tion and temperature have a large impact on SF as well as snow
melt or accumulation. Compared to SWEall_uncor, not correcting pre-
cipitation and temperature shows a still much smaller difference to
SWEall_v_cor. For the C4I model the temperature signal is less dom-
inant and for some stations even comparable to not correcting wind
speed, i. e. SWEwss_uncor (c. f. Figure B.26 and Figure B.27).

The interesting result in Figure 8.3 is the effect of not correcting
wind speed on simulating SWE. The effect is smaller than for precip-
itation and temperature for most stations, but not negligible. Here,
one should notice that for the snow model, wind plays only a role
for sublimation. For Sonnblick (station #15410) not correcting wind
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Figure 8.4: As in Figure 8.3 but showing the median of absolute difference
in SWE [mm].

speed but all other variables has a tremendous effect, it increases the
SWE in the median about 900 % (very similar for C4I model) which
translates to 5 m SWE as absolute difference. The observation station
of Sonnblick is located on a mountain top with exposure to the free
atmosphere and extreme weather conditions (Section 5.3).

Two facts have to be considered for wind speed. One is, the RCM

with a grid-spacing of 0.22° and a mean grid cell height, is not able
to catch the climate on a mountain peak of 3000 m (which, of course,
counts for all variables). Second is, for QM one needs good quality
observation data for calibration and wind speed is a difficult variable
to measure (Section 5.3). Only recently (about 15 years ago) the in-
struments were changed to ultra-sonic meters. Before cup anemome-
ters were commonly used which have a start velocity of 0.4 m/s and
which mechanics can freeze in winter, thus, in particular on moun-
tain stations. As QM depends on observations, this is an open issue to
consider.

Not correcting global radiation and relative humidity does not show
any relevant effect on the resulting SWE throughout the winter months.

8.2.3 Effect on Nash-Sutcliffe-Efficiency

One measure of linear correlation is the Nash-Sutcliffe-Efficiency (NSE)
(for detailed definition see Section A.3). Considering a scatter plot of
observed to simulated values, the NSE indicates the agreement to a
1:1 line (perfect correlation) (Moriasi et al., 2007). The NSE is defined
between 1 and −∞, where 1 is the perfect match of observation and
simulation, whereas negative values are interpreted as no match. Mo-
riasi et al. (2007, Table 4) defines values ≤ 0.5 as unsatisfactory. In this
study the focus is on the change in NSE for different v_uncor.

In Figure 8.5 three different references were used: a) snow depth
(SD)all_v_cor, b) SDobs, and c) SDAMUobs (AMUNDSEN results driven
with observations). Taking AMUobs as reference should reduce the ef-
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Figure 8.5: NSE of SDv_uncor with reference a) SDall_v_cor, b) SDobs, c)
SDAMUobs, for November to March 1982 to 2000, METNO-HIRHAM (ERA40

driven).
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fect of observed undercatched precipitation (e. g., Guo et al., 2001)
and the uncertainty in the snow model output. Here, the re-analysis
driven RCMs were used for winter months of 20 years 1982 to 2000.

Considering SDv_uncor compared with the optimal case of fully
corrected climate variables (SDall_v_cor), decreases the NSE only little
for relative humidity and global radiation (Figure 8.5 a). For SDv_uncor
with v from the variables wind speed, temperature, and precipita-
tion the NSE strongly depends on the station, as for some stations
the NSE(SDv_uncor) is close to 1 while for other stations, like the
mountain top station Sonnblick, the NSE(SDv_uncor) is negative. Not
correcting any climate variable results in expected low values for
NSE(SDall_uncor).

SFall_v_cor, which depends mainly on the correct representation
of temperature and precipitation amount shows a quite high NSE (not
shown).

The SDobs as reference is demanding for the NSE (Figure 8.5 b), be-
cause the observed precipitation has not been corrected for wind shift
(c. f. Section 5.3, Guo et al. (2001)). The undercatch of observed pre-
cipitation produces a systematic bias in SD through the calibration
with observations for QM. I. e. by bias correcting towards an untrue
observed precipitation, the snow model simulates a biased SD. Fig-
ure 8.5 b shows poor results of the NSE for SD throughout most sta-
tions, even if all climate variables were corrected. Only for four sta-
tions the NSE is mostly positive. Additionally, the NSE of SDAMUobs
is calculated with observations as reference (first row in Figure 8.5 b),
showing unsatisfying results. This confirms the difficulties with pre-
cipitation undercatch, but also can be explained by snow model er-
rors.

Figure 8.5 c shows the NSE with SDAMUobs as reference, with simi-
lar bad results as before. Bias correcting all climate variables improves
only the NSE of 3 out of 5 stations.

Neglecting the snow model uncertainty, the NSE was calculated
using the snow model driven with observations (Figure 8.5 c). The
structure, related to which data were used within the snow model,
is comparable to Figure 8.5 a and b. The NSE for each station differs
from Figure 8.5 b, e. g., Gmunden (station #6620) shows positive val-
ues in both plots, but using observations in the snow model leads to
values very close to zero, Pörtschach (station #20220) shows better re-
sults when compared with observation driven simulations, than with
observations.

As mentioned in the beginning of this subsection, the NSE shows
the distance to a perfect linear correlation. The results presented above
for METNO, and for C4I as well, show a mostly positive NSE with ref-
erence SDall_v_cor. Using SDobs as reference, the NSE results are very
mixed but overall rather poor, when considering the effect of bias
correction. Beside the strong station dependency, only half of the sta-



8.2 results & discussion of indirect validation 71

tions show an improvement in the NSE for SDall_v_cor compared to
SDall_uncor. This result is quite disappointing.

One explanation is the precipitation undercatch in the observations,
which has not been corrected. This is a conceptual problem of this
study. When the study was designed, the focus was on the compari-
son of uncorrected and corrected climate model input and the effects
on the snow model output. Later, the comparison with the snow ob-
servations became more relevant, as that is the reference for impact
modellers. It is planned to repeat parts of this study with undercatch
correction applied to the observed precipitation.

Another explanation (additionally) are the RCMs themselves. The
inter-variable correlations of RCM output compared to those of obser-
vations is rather poor (Section 7.2). It has been shown in Section 7.2
that QM does not change the inter-variable correlations given by the
RCM. Derived variables, like the snow model output, depend on the
correct representation of the inter-variable relations, and therefore the
correction of single variables cannot improve all statistics of the de-
rived variable.

8.2.4 Effect on accuracy, bias, reliability

Investigating not only if the amount of snow is changed by bias cor-
recting climate variables, a simple dichotomous forecast for snow fall
amount (SF) is evaluated for each station and correction situation.
Therefore, the three dimensions of a 2 × 2 contingency table were cal-
culated: proportion correct (PC), which is an accuracy measure; bias
of yes forecast (BYF), which is “the ratio of the number of yes fore-
casts to the number of yes observations” (Wilks, 2006, p. 264); and
false alarm ratio (FAR), which shows the reliability of the forecast as
fraction of yes forecasts that turn out to be wrong (c. f. Section A.4).
The reference here is observed SF, which is why the re-analysis driven
RCM output was used.

The PC for SFall_v_cor events can be improved (see light colour
in Figure 8.6 a, first two rows). Regarding the occurrence of SF the
not-correction of single variables does not have any impact on the
PC(SFv_uncor), besides for not correcting precipitation.

The frequency of forecasted SF events is clearly overestimated by
the RCMs which is shown as BYF in as values > 1 (over-forecasting) in
Figure 8.6 b (for METNO). Even for SFall_v_cor the NOS is too high, but
strongly reduced. This confirms the result in Section 8.2.1, where the
absolute NOSv_uncor (upper values in Figure 8.2) is mostly higher
than the absolute NOSall_v_cor (lower values). Obviously, the correc-
tion of precipitation has the strongest impact on the number of SF

events.
The station dependency of the results is most prominent for BYF.

Stations like Aschach (#3120) can be improved regarding BYF, but still
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Figure 8.6: The three of a yes/no forecast for SF are proportion correct (PC)
(a), bias of yes forecast (BYF) (b), and false alarm ratio (FAR) (c). The months
November to March are included for 1970 to 2000, METNO-HIRHAM-ERA40.
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have a SF over-forecasting (BYF of about 3), whereas for stations like
Krippenstein (#9620) and Weissensee-Gatschach (#19821) the over-
forecasting can be further reduced (BYF with values just above 1). The
Sonnblick station (#15410) shows a perfect forecast after bias correc-
tion, which relates to the already good performance of SFall_uncor
and the high elevation. Liquid precipitation is quite rare during win-
ter months anyway, which means it is a pure shift of the distribution
in precipitation amount.

The overall performance for the FAR is rather poor (0 is good, 1 is
bad), beside for the two more elevated stations, Krippenstein (#9620)
and Sonnblick (#15410). The results for the proportion of forecasted
SF events to those which did not happen relates to the strong over-
forecasting found in Figure 8.6 b.

Figure 8.6, in particular b), shows the difference in performance
for different stations, which has been observed with NSE already (Sec-
tion 8.2.3). Here, we did not investigate where the difference comes
from, but as the difference shows up when using uncorrected climate
variables as well as corrected ones, I suggest this uncertainty origi-
nates from the snow model.

8.2.5 Effect on persistence

One measure of persistence is the autocorrelation function (ACF). Here,
Figure 8.7 shows the ACFs of the simulated SF are plotted with the
ACF of the observed SF (black) and the ACF(SFAMUobs) (purple). The
autocorrelation of SFall_v_cor (red) shows an improvement over the
autocorrelations of SFv_uncor when compared to the observed ACF

for most stations. For, e. g., station Reichenau the ACF of SFall_uncor
(orange) is closer to the observed ACF, whereas the ACF of SFall_v_cor
is closer to the one of SFAMUobs. This example is even more pro-
nounced for the C4I model (Figure B.29). The difference of SFobs and
SFAMUobs is attributed to the snow model. Being aware of the dif-
ferent monthly characteristics, the ACFs were investigated for single
months as well (not shown), with very similar results as for the whole
winter period.

As a second measure of persistence the maximum snow cover pe-
riod per winter season is investigated. Here the snow cover is defined
as a SD of more than 10 cm for more than one day2. Validated were
the maximum number of consecutive days with SD > 10 cm for each
season. The threshold here is not related to any impact related num-
ber, but to a visible snow cover which still leads to multi-day periods
even for stations with low elevation.

2 In literature one finds thresholds of > 30 cm accumulated per month as minimum
requirement for skiing (e. g., Witmer, 1986; Koenig and Abegg, 1997; Scott and
McBoyle, 2003).
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Figure 8.7: Autocorrelation of SF inclusive simulation driven by observations,
different colours/line types indicate v_uncor and all_v_cor. Observations are
in black, AMUobs is in orchid. For November to March, 1981 to 2000, METNO-
HIRHAM-ERA40.
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Figure 8.8: Maximum number of consecutive snow cover days (≥10 cm) per
winter in 1970 to 2000, METNO-HIRHAM-ERA40.

Figure 8.8 shows the maximum snow cover periods for six selected
stations (with enough snow cover to evaluate) for the METNO model.
Comparing the observed snow cover days (grey box) with simulated
snow cover days, using allcor variables (red box) shows an improve-
ment for most stations compared to not correcting the climate vari-
ables at all (orange box). The effect of v_uncor (blue boxes) is, again,
strongly v and station dependent.

8.2.6 Effect on temperature-humidity index

Till here, only the winter season has been investigated as well as only
strong precipitation dependent indices. To cover the summer season
as well the temperature-humidity index (THI) has been investigated.
The THI as defined by Schoen (2005) is a heat index which considers
humidity as additional stress factor for the human body (c. f. Sec-
tion 5.4).

The THI was calculated for July and August (hottest months in Aus-
tria) for 20 years (1981 to 2000) using all four RCMs (hindcast driven).
For validation the density distributions and monthly mean biases
were derived on six station locations. The locations were chosen re-
garding the maximum mean temperature in those 20 years. Reference
is the THI calculated from observed temperature and humidity.
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Figure 8.10: Box-whisker plot for bias in the THI for Salzburg for raw RCMs

(red), bias corrected RCMs (blue); for July (left) and August (right) for period
1981 to 2000. Details for box-whisker definition see Figure 6.2.

For most stations the THI density distribution in terms of raw RCM

is shifted to smaller THI values compared to the observed THI distribu-
tion, which can be reduced by using bias corrected RCM output (Fig-
ure 8.9 for SMHI). The results for the other three RCMs are similar (c. f.
Figure B.31 to Figure B.33), even though the THI distribution of the
The Abdus Salam International Centre for Theoretical Physics (ICTP)
model does not catch the height of the distribution at all stations for
July (c. f. Figure B.33). However, the overall picture shows an improve-
ment in the distributions of the THI after bias correction temperature
and relative humidity.

The monthly mean bias of the THI is improved for both summer
months at most stations for all RCMs. Figure 8.10 shows as a represen-
tative example the station Salzburg where the bias in THI is reduced
for all models. The bias of other stations (c. f. Figure B.34) is reduced
for the C4I and SMHI model for both months. The results for METNO

and ICTP show a good improvement for August. For July the THI of
th two RCMs is sometimes over-corrected, i. e. the bias in the THI from
corrected RCM output has an opposite sign than the bias from raw
RCM output. In Chapter 6 it was shown that QM strongly reduces
the mean bias for all variables. It was also shown that the monthly
biases for temperature and relative humidity show the effect of non-
stationarities in the error. That results in an over-correction of the bias,
which would explain the heterogenity in the results of the monthly
mean bias of the THI for July.
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8.3 summary of indirect validation

The indirect validation of QM via snow model output and THI showed
the relevance and performance which is important for impact mod-
ellers. One motivation for this study was to evaluate the pure effect
of bias correcting climate variables on derived indices. A second mo-
tivation have been situations when not all requested meteorological
variables can be provided with long enough observed time-series. To
understand the effects of single uncorrected variables on the qual-
ity of impact model output, an attempt was made by investigating
snow model output driven by five climate variables, which have been
uncorrected, partly and fully corrected. As the snow model strongly
depends on precipitation, a second model has been investigated, the
THI, which only depends on temperature and humidity. Here, either
both variables have been corrected or not corrected.

Investigating the pure difference between using corrected or uncor-
rected RCM output, GCM driven models have been used. The com-
parison of snow fall SFv_uncor with SFall_v_cor has been investi-
gated by calculating the number of snow days (NOS). The SWEv_uncor
was evaluated by calculating absolute and relative differences to the
SWEall_v_cor. Both indices showed a strong relevance of the correc-
tion of precipitation, which is intuitive as that is the main dependence
for SWE (SD) and SF. The no-correction of temperature made a differ-
ence as well, in particular for SWE. Exposed stations, like Sonnblick,
are very sensitive to the correction of wind speed.

To carry out a fair validation against observations and AMUNDSEN

results driven with observations (AMUobs), hindcast-driven RCMs have
been used as input for the snow model. The Nash-Sutcliffe-Efficiency
(NSE) as measure for correlation showed a rather poor model perfor-
mance for nearly all stations. This can be explained partly by the not-
corrected undercatch in observed precipitation. As the snow model
depends on five meteorological variables, their relation needs to be
well represented in the input data. In case this is not true for the given
RCM, applying QM does not correct a missing inter-variable relation.

Other measures like the proportion correct (PC), bias of yes forecast
(BYF), false alarm ratio (FAR), and the persistence measures showed an
improvement when fully corrected RCM data were used for the snow
model. All measures showed the obvious importance of precipitation.
Another strong feature was the station dependency of the skill. One
explanation can be that the snow model’s performance is location
dependent.

For the snow model output validation, regarding most measures,
there was an improvement when using fully corrected climate data
compared to fully uncorrected ones. The difficulties with the corre-
lation measure, NSE, need to be further investigated by applying a
correction for the undercatch problem of observed precipitation.
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The THI results depend on the RCM. The monthly bias of THI could
be improved by bias-correcting temperature and relative humidity.
However, the bias correction had a smaller effect on the heat index,
or even changed the sign of the bias, for some stations in July when
calculated with output from METNO and ICTP. However, the distribu-
tion of the THI was corrected quite well for all stations and models.





Nothing has such power to broaden the mind as the ability to investigate
systematically and truly all that comes under thy observation in life.

— Marcus Aurelius

9
S U M M A RY & C O N C L U S I O N S

In this work the prominent bias correction method Quantile Map-
ping (QM) is evaluated. After introductory chapters reviewing cli-
mate modeling, downscaling, error characteristics, and bias correc-
tion (Chapter 2 and 3), the QM method and data used in this work
were introduced (Chapter 4 and 5).

The evaluation then starts with a first study answering basic ques-
tions regarding the main statistics and the temporal structure after
the correction was applied to multiple variables. A second study fo-
cused on the effect of QM on inter-variable correlations and on the
inter-variable relations of raw Regional Climate Model (RCM) output
compared to observations. While in those two studies the effect of QM

was directly validated on the variables applied to, a third study inves-
tigated the effect of bias correction on derived variables like snow
cover.

In the first study (Chapter 6) the bias correction of multiple cli-
mate variables (2 m air temperature, precipitation amount, relative
humidity, global radiation, wind speed, and surface air pressure) was
validated regarding mean annual and mean monthly biases, distri-
butions, and temporal structure. Four RCMs were used to cover the
uncertainty. The RCMs were driven by hindcast data (ERA40) as well as
General Circulation Models (GCMs). The outputs of these four mod-
els were downscaled to point scale and bias corrected. This has been
done for station locations over Austria and parts of Switzerland and
for 40 years in the past (1971 to 2010).

Validating QM directly on the variables corrected showed strong
improvements for correcting the bias and distribution. A split sample
approach was applied, i. e. the calibration period had no overlap with
the corrected period. Under the assumption of stationarity in the er-
ror characteristics, this approach tested the application of QM in an
unknown climate. Due to observational data availability for a period
of 40 years, the climates of the split periods are not independent as
they follow each other in time.

The results for monthly mean biases showed the annual cycle of
the errors as well as the violation of the assumption of stationarity, in
particular for temperature. In all cases the non-stationarity was not
big enough to interfere with the positive effect of bias correction. In
some rare cases, the error in the calibration period was bigger than in
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the correction period, which led to an over-correction and to a change
in the sign of the error.

The purely empirical implementation of QM successfully corrected
variables with very different probability density distributions, which
makes it highly flexible and applicable to various meteorological vari-
ables and regions. Considerable differences were found between the
distributions of the uncorrected RCMs and observations in some vari-
ables, e. g., relative humidity and wind speed (in particular for ICTP-
RegCM3). QM successfully adjusts also these distributions.

If strong modifications in the distribution of a variable are needed,
the question whether the time-series are still plausible after correc-
tion demands an answer. Therefore, the autocorrelation and the root
mean squared error (RMSE) of raw and corrected hindcast simulations
were analysed. When applying QM to RCM output, improvement or no
clear effect were found in RMSE and autocorrelation, as QM corrects
for statistics but does not copy the observed time series. These results
demonstrate that QM retains the quality of the temporal structure of
the time-series of RCMs. This is not an improvement since also defi-
ciencies of the RCMs in those features are retained. A similar situation
arises regarding fine-scale spatial variability (which was outside the
scope of this study). Maraun (2013) demonstrated that spatial and
temporal variability of QM-corrected data show considerable deficien-
cies compared to observations. Those limitations are important to be
aware of for the application of error-corrected model results in cli-
mate change impact studies.

The bias correction of single variables raised the question whether
inter-variable relationships are still plausible after bias correction of
individual variables, which was addressed in a second study and
discussed in Chapter 7 (Section 7.2) by validating the correlation of
pairs of variables. As in Chapter 6 five output variables (without sur-
face pressure) of four RCMs (GCM driven) were used. With the future
change in climate variables and their not linear correlation, a possible
change in their correlation could be expected. Therefore the applica-
tion of QM to future simulations was of interest and three periods
were analysed, a historical period (1971 to 2010), a near future period
(2021 to 2050), and a far future period (2069 to 2098).

When applying QM to RCM output, no clear effect on the correla-
tion between meteorological variables could be found. These results
demonstrate that QM retains the quality and also deficiencies of the
inter-variable dependencies of RCMs.

In a comparison of correlations gained by raw RCM output and by
observations, considerable differences were found, which questions the
representation of inter-variable relations in RCM output. In Section 7.3
the conditional densities of variable pairs were compared for observa-
tions and RCM output. That is, the conditional densities of RCM output
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variables were then compared to the conditional densities of observed
variables.

The results showed a mismatch of the conditional densities of RCM

and observations. The mismatch varies in intensity for regions, months,
and variable pairs. Variables with a high bias in the simulation (e. g.,
relative humidity) are more difficult to interpret, as the inter-variable
signal in the ratio of RCM and observation is weaker than the bias
of single variables (like relative humidity). On the other hand, if the
physics in the RCM was correct then any bias in one variable would
translate into a corresponding bias in the other: but in this case the
conditional densities would still be the same in the RCM and in the
observations.

In a third study (Chapter 8) an indirect validation of QM applied to
RCM output was performed. Thereby, a simple model (temperature-
humidity index (THI)) and a complex impact model (snow model,
AMUNDSEN) were driven with corrected and uncorrected RCM output.
The THI was calculated for the months July and August in a 20-year
period (1981 to 2000). The THI was calculated with corrected temper-
ature and humidity as well as both uncorrected, from four RCMs.

For the more complex model a physical snow model (AMUNDSEN,
Strasser, 2008) was used. The AMUNDSEN model was driven with
seven different climate data sets of two RCMs, and additionally with
observations. The climate data sets were: fully corrected RCM output
(all_v_cor), fully uncorrected RCM output (all_uncor), and all variables
corrected but one (v_uncor). The use of v_uncor investigated the com-
mon situation of lack of observations, which then lead to the impos-
sibility of bias correcting single variables, while others could be cor-
rected. With the snow model output (snow water equivalent (SWE),
snow depth (SD), and snow fall amount (SF)) six further indices were
validated for winter months (November to March) in the period 1971

to 2000.
Investigating the pure difference between using corrected or uncor-

rected RCM output in a snow model (AMUNDSEN), GCM driven models
were used. The comparison of snow fall SFv_uncor with SFall_v_cor
was investigated by calculating the number of snow days (NOS). The
SWEv_uncor was evaluated by calculating absolute and relative differ-
ences to the SWEall_v_cor. Both indices showed a strong relevance of
the correction of precipitation, which is intuitive as that is the main
dependence for SWE (SD) and SF. The no-correction of temperature
made a difference as well, in particular for SWE. Exposed stations,
like Sonnblick (mountain top), are very sensitive to the correction of
wind speed.

To carry out a fair validation against observations and AMUNDSEN

results driven with observations (AMUobs), hindcast-driven RCMs were
used as input for the snow model. The Nash-Sutcliffe-Efficiency (NSE)
as measure for correlation showed a rather poor model performance
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for nearly all stations. This can be explained partly by the not-cor-
rected undercatch in observed precipitation. As the snow model de-
pends on five meteorological variables, their relation needs to be well
represented in the input data. In case this is not true for the given
RCM, applying QM does not correct a wrong inter-variable relation.

Other measures like the proportion correct (PC), bias of yes forecast
(BYF), false alarm ratio (FAR), and the persistence measures showed an
improvement when fully corrected RCM data were used for the snow
model. All measures showed the obvious importance of precipitation,
while another strong feature was the station dependency of the skill.
One possible explanation is that the snow model’s performance is
location dependent.

For the snow indices validation, regarding most measures, there
was an improvement when using fully corrected climate data com-
pared to fully uncorrected ones. The difficulties with the correlation
measure, NSE, need to be further investigated by applying a correc-
tion for the undercatch problem of observed precipitation.

The THI results depend on the RCM. The monthly bias of THI could
be improved by bias correcting temperature and relative humidity.
However, the bias correction had a smaller effect on the heat index,
or even changed the sign of the bias, for some stations in July when
calculated with output from METNO and ICTP. However, the distribu-
tion of the THI was corrected well for all stations and models.

QM can, by construction, map any distribution onto an arbitrary
other distribution. This, however, does not necessarily indicate that
the mapping is sensible in a physical way. The overall assumption for
error-correcting RCMs is that RCMs represent the regional climate in
a physical correct way in space and time. The on-going discussion if
this assumption is justified was not a core topic in this PhD thesis. It
is known that the performance of RCMs depends on region, season,
and meteorological variable (e. g., Christensen et al., 2008). Nonethe-
less, in case of essentially no correlation between re-analysis driven
RCM and observation (e. g., Appendix B, Figure B.24), one should re-
consider or at least be aware of this when applying QM to this specific
RCM (Widmann et al., 2003; Eden et al., 2012). If simulation and obser-
vation are not correlated, there is also no confidence about possible
future trends projected by the simulations.

However, the retainment of the RCM’s temporal structure together
with large improvements with regard to biases, qualifies QM as a
valuable, though not perfect, method at the interface between climate
models and climate change impact research.

Future improvements of QM with regard to multi-variable error cor-
rection can be particularly expected from multi-variate approaches,
which might lead to improved inter-variable dependencies (Piani and
Haerter, 2012). In turn, improved inter-variable relations would im-
prove impact model performance. However, such approaches are not
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straightforward to implement due to limitations in the sample sizes
usually available to build or estimate the distributions. In addition,
more sophisticated inter- and extrapolation techniques could mitigate
the effect of low-quality observational data and improve the repre-
sentation of extremes. Particularly promising are also stochastic ap-
proaches, which could be implemented as add-on to QM and could
lead to improvements with regard to spatial and temporal variability.

For the proper representation of new extremes, an extrapolation
of the empirical cumulative distribution function (ECDF) outside the
calibration range is necessary, which was not the focus of this thesis.
Themeßl et al. (2012) found that a simple constant extrapolation leads
to satisfying results also for precipitation extremes that are outside
of the calibration range, which was confirmed recently by Bellprat
et al. (2013). One might circumvent these issues by fitting theoretical
distributions or some functions to the data (e. g., Piani et al., 2009;
Rojas et al., 2011), but this would lead to less flexibility and the need
for a specific implementation for each variable and probably also for
each climate regime.

I also intend to apply the analysis of conditional densities on bias
corrected (quantile mapped) data; in particular for variables with
strong biases one should gain a better picture of inter-variable re-
lations. As QM changes the distributions of each variable, a different
output can be expected for the conditional densities. In case of relative
humidity the correction of the marginal distributions might change
the conditional distribution towards the observed, which might count
as improving the inter-variable relation in the RCM. More thoughts
and time will be needed for such an extended approach.

Overall, the present work has shown that QM corrects individual
climate variables with convincing results, but needs further enhance-
ments to improve the inter-variable relations in RCM output.





A
A P P E N D I X M E T H O D S

a.1 application of diurnal cycle

To fit the demands of the project partners, the corrected data were
brought to a finer time scale (3-hourly). Therefore the diurnal varia-
tion of 3-hourly uncorrected RCMs was calculated and applied to the
corrected daily data. For temperature, relative humidity, and surface
pressure, the difference in 3-hourly RCM data and their daily mean
values were added (summed) to the corresponding corrected daily
values (see Figure A.1). For precipitation, global radiation, and wind
speed ratios of 3-hourly RCM data and their daily sums were multi-
plied by the corrected daily value. In case of relative humidity values
can unrealistically exceed 100 %. All values of that very day are mul-
tiplied by a factor, shrinking the daily maximum value to 100 %. This
is a simple method which relies on the uncorrected sub-daily data
of the RCMs. By using post-processed daily values major biases are
corrected, but model errors in the diurnal cycle (i. e. in temperature
range or in timing of precipitation) are not corrected.

Figure A.1: Schematic description of the method to calculate 3-hourly data
from daily error-corrected data for air temperature. The deviation of the 3-
hourly time steps from the daily mean of the uncorrected model is added
to the error-corrected daily mean.

a.2 temperature-humidity index

Steadman (1979) published a temperature-humidity index (THI) which
was based on several biometeorological studies. Schoen (2005) found
relative humidity and dry-bulb temperature too dependent on each

87
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other and proposed to use “true independent” variables: dry-bulb
temperature (T) and absolute humidity. As absolute humidity is rarely
reported by observation stations, the dewpoint (D, see Equation A.3)
is close enough to cover for absolute moisture.

The dewpoint can be estimated using the Magnus formula for sat-
urated water vapour over water

e∗W = 9.1078 exp
(

17.27T
237.3 + T

)
(A.1)

and the relation for e∗W to relative humidity ( f )

f =
e

e∗W(Ta)
(A.2)

where e is the water vapour and Ta the air temperature. The dewpoint
can be derived like

D =
237.3

( 17.27T
237.3+T + ln( f )

)
17.27−

( 17.27T
237.3+T + ln( f )

) (A.3)

The new empirical model to calculate the THI developed by Schoen
(2005) is given by

THI = T− 1.0799 exp(0.03755T) [1− exp(0.0801(D− 14))] , (A.4)

where THI, T, and D are all in degrees Celsius.

a.3 nash-suttcliffe-efficiency

The Nash-Sutcliffe-Efficiency (NSE) is defined as the residual variance
(F2) compared to the initial variance (F2

0 ) (Nash and Sutcliffe, 1970)
and is computed as shown in Equation A.5

NSE = 1− F2

F2
0
= 1−

n
∑

i=1
(qobs,i − qsim,i)

2

n
∑

i=1
(qobs,i − qobs)2

(A.5)

where qobs and qsim are the observed and simulated snow values
and n the number of time steps. The NSE ranges from 1 to −∞ with 1
indicating that observed and simulated values fitting a 1:1 line. Values
> 0 are considered commonly acceptable, while Moriasi et al. (2007,
Table 4) calls values ≤ 0.5 unsatisfactory.

Nash and Sutcliffe (1970) shows that the efficiency can be used to
compare model modifications also. In this case Equation A.5 would
be the proportion of residual variance

NSEclim = 1− F2
2

F2
1

(A.6)
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where the suffixes 1 and 2 denote before and after the model modifi-
cation and the suffix clim indicates the comparison inside the climate
model world. In our study 1 relates to using only corrected climate
variables, while 2 relates to climate data set with single uncorrected
variables.

a.4 3 dimensions of contingency table

The contingency table of a simple dichotomous forecast has 3 dimen-
sions: accuracy, bias, and reliability. Those are defined and explained
in the following on the basis of Wilks (2006, p 261–265).

Figure A.2: 2×2 contingency table (Figure 7.1 a in Wilks, 2006). Bold a to
d indicate the counts of forecast/event pairs of forecasts and observations,
with the marginal totals and marginal distributions on the bottom and right.

a.4.1 Accuracy

Measures of accuracy describe the relationship between pairs of fore-
casts and the state of fulfilment. That means, a perfect forecast would
have b = c = 0 in Figure A.2. The proportion correct (PC) is a di-
rect and intuitive measure of accuracy proposed by Finley (1884). It
is defined as

PC =
a + d

n
. (A.7)

in terms of Figure A.2. Correct yes and no forecasts count equally in
PC, which can be problematic in cases with rare correct yes forecasts.
However, likewise false alarms and misses are penalised equally. PC

is defined between 0 (worst) and 1 (best).
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a.4.2 Bias

The bias of yes forecast (BYF) of a contingency table measures the
frequency of event forecasted to frequency of event observed and is
defined like

BYF =
a + b
a + c

. (A.8)

A bias greater than 1 means the event has been overforecasted, whereas
a BYF lower than 1 indicates an underforecasting of an event. When
the event has been forecasted with the same frequency as it has been
observe BYF equals 1.

a.4.3 Reliability

Reliability can be measured by the conditional relative frequencies of
yes or no forecasts. The false alarm ratio (FAR) is the probability of not
occurrence (o2) conditioned on yes forecast (y1), which is calculated
like

FAR = p(o2|y1) =
b

a + b
. (A.9)

Wilks (2006) writes “FAR is . . . that proportion of the forecast events
that fail to materialize”. FAR is defined between zero, which would be
best, and one, which would be worst.
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Figure B.1: Annual mean RCM (C4I-RCA3) bias at observation stations (1991
to 2010) for a) temperature, b) precipitation, c) rel. humidity, and d) wind
speed (top down) for the raw RCM (for temperature altitude corrected), the
error-corrected RCM with split sample evaluation, and the error-corrected
RCM in technical evaluation (same calibration and application period).
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Figure B.2: Same as in Figure B.1 for METNO-HIRHAM
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Figure B.3: Same as in Figure B.1 for SMHI-RCA
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Figure B.4: Monthly bias of a) temperature, b) precipitation, c) rel. humidity,
and d) wind speed as box-whisker plots for the uncorrected RCM splited
in two periods (red and orange), the error-corrected RCM (C4I-RCA3) with
split sample evaluation (green and blue), see Section 6.2.1 and Figure 6.2 for
detailed description.
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Figure B.5: Same as Figure B.4 but for METNO-HIRHAM
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Figure B.6: Same as Figure B.4 but for SMHI-RCA
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Figure B.7: Density distributions of the four raw RCMs (red thin lines), the
split sampled error-corrected RCMs (green thin lines), and the observations
(black fat line) for 1991 to 2010 of Hohe Warte Vienna, Sonnblick, Innsbruck
University, Zermatt for a) temperature, b) precipitation, c) rel. humidity, d)
wind speed, and e) gl. radiation.
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Figure B.8: Upper panel shows autocorrelation function for 20 year period
(validation period 1981 to 2000) of temperature for observations (black), raw
RCM-ERA40 (red), and split sample corrected RCM-ERA40 (green). Delta auto-
correlation of raw (red) and corrected (green) to observations in the lower
panels. For temperature the annual cycle has been removed for this figure.
Panel pairs are shown for all four RCMs.
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Figure B.9: Correlation matrices for Innsbruck for winter (DJF) of the peri-
ods a) 2021 to 2050 and b) 2069 to 2098. Including temperature (tas), pre-
cipitation (pr), relative humidity (hurs), and wind speed (wss) for selected
stations in Austria and Switzerland for a) modelled, b) error-corrected mod-
elled data. Pie charts show Spearman correlation coefficients, indicated with
counterclockwise (negative correlation) and clockwise (positive correlation)
pie slices. Lines in scatter plots are the Loess fit. The values above and below
the variable names give the range of the data. The model shown here is the
ICTP-RegCM3.
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Figure B.10: Correlation matrices for Innsbruck for spring (MAM) of the
periods a) 2021 to 2050 and b) 2069 to 2098. Same layout as in Figure B.9.
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Figure B.11: Correlation matrices for Innsbruck for autumn (SON) of the
periods a) 2021 to 2050 and b) 2069 to 2098. Same layout as in Figure B.9.
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Figure B.12: Correlation matrices for Vienna for winter (DJF) of the peri-
ods a) 2021 to 2050 and b) 2069 to 2098. Same layout as in Figure B.9 but
including global radiation (rsds).
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Figure B.13: Correlation matrices for Vienna for sprint (MAM) of the pe-
riods a) 2021 to 2050 and b) 2069 to 2098. Same layout as Figure B.9 but
including global radiation (rsds).
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Figure B.14: Correlation matrices for Vienna for summer (JJA) of the peri-
ods a) 2021 to 2050 and b) 2069 to 2098. Same layout as in Figure B.9 but
including global radiation (rsds).
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Figure B.15: Correlation matrices for Vienna for autumn (SON) of the peri-
ods a) 2021 to 2050 and b) 2069 to 2098. Same layout as in Figure B.9 but
including global radiation (rsds).
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Figure B.16: Correlation matrices for Sonnblick for winter (DJF) of the peri-
ods a) 2021 to 2050 and b) 2069 to 2098. Same layout as in Figure B.9
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Figure B.17: Correlation matrices for Sonnblick for sprint (MAM) of the
periods a) 2021 to 2050 and b) 2069 to 2098. Same layout as in Figure B.9
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Figure B.18: Correlation matrices for Sonnblick for summer (JJA) of the
periods a) 2021 to 2050 and b) 2069 to 2098. Same layout as in Figure B.9
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Figure B.19: Correlation matrices for Sonnblick for autumn (SON) of the
periods a) 2021 to 2050 and b) 2069 to 2098. Same layout as in Figure B.9
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Figure B.20: Correlation matrices for Zermatt for winter (DJF) of the peri-
ods a) 2021 to 2050 and b) 2069 to 2098. Same layout as in Figure B.9 but
including global radiation (rsds).
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Figure B.21: Correlation matrices for Zermatt for spring (MAM) of the pe-
riods a) 2021 to 2050 and b) 2069 to 2098. Same layout as in Figure B.9 but
including global radiation (rsds).
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Figure B.22: Correlation matrices for Zermatt for summer (JJA) of the peri-
ods a) 2021 to 2050 and b) 2069 to 2098. Same layout as in Figure B.9 but
including global radiation (rsds).
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Figure B.23: Correlation matrices for Zermatt for autumn (SON) of the pe-
riods a) 2021 to 2050 and b) 2069 to 2098. Same layout as in Figure B.9 but
including global radiation (rsds).
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Figure B.24: Pearson correlation coefficient for 4 RCMs for a) rel. humidity, b)
air temperature, c) global radiation, d) wind speed. The coefficient is shown
beside the RCM name and as vertical line. Also is shown the distribution of
sampled RCM correlations. A correlation coefficient in the tail of the distri-
bution denotes a relevant correlation.
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Figure B.25: Relative (colorkey) difference in number of snow days overlayed
by absolut values (upper value) and absolute reference value (lower value),
used C4I-RCA3 (driven by HadCM3Q16), accumulated for November to March
in 1970 to 2000.
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Figure B.26: Median of relative difference in SWE compared to all climate
variables corrected. RCM: C4I-RCA3 (driven by HadCM3Q16), period: November
to March, 1970 to 2000
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Figure B.28: NSE of snow depth with reference a) simulation with all cor-
rected variables, b) observations, c) simulation driven with observations, for
November to March 1982 to 2000, C4I-RCA3 (ERA40 driven)
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Figure B.29: Autocorrelation of snow fall inclusive simulation driven by ob-
servations, for November to March, 1981 to 2000, C4I-RCA3-ERA40



B.2 figures : indirect validation of qm 111

10
20

30
40

SALZBURG−FLUGHAFEN

sn
ow

 c
ov

er
 d

ay
s

obs uncor cor hurs pr rsds tas wss

20
40

60
80

12
0

MILLSTATT

obs uncor cor hurs pr rsds tas wss

20
40

60
80

12
0

GROEBMING

uncorrected variables

sn
ow

 c
ov

er
 d

ay
s

obs uncor cor hurs pr rsds tas wss

20
40

60
80

10
0

WEISSENSEE−GATSCHACH

uncorrected variables
obs uncor cor hurs pr rsds tas wss
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Figure B.31: Density distribution of THI for six stations in Austria for obser-
vation (black), raw RCM (red), bias corrected RCM (blue); for July (solid) and
August (dashed). RCM shown: C4I-RCA3-ERA40; period: 1981 to 2000
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Figure B.32: Same layout as in Figure B.31 but for METNO-HIRHAM
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Figure B.33: Same layout as in Figure B.31 but for ICTP-RegCM3
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Figure B.34: Box-whisker plot of bias in THI for six stations in Austria for
raw RCMs (red), bias corrected RCMs (blue); for July (left) and August (right)
for period 1981 to 2000.
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Table C.1: Spearman correlation coefficient matrix of Zermatt for the period
1981 to 2010 of ICTP-RegCM3 described in Section 7.2; including temperature
(tas), precipitation amount (pr), relative humiditiy (hurs), global radiation
(rsds), and wind speed (wss).

observations

tas pr hurs rsds wss

tas 1.00

pr -0.29 1.00

hurs -0.60 0.67 1.00

rsds 0.27 -0.60 -0.61 1.00

wss -0.09 -0.03 -0.04 0.27 1.00

raw RCM

tas pr hurs rsds wss

tas 1.00

pr -0.24 1.00

hurs -0.26 0.80 1.00

rsds 0.12 -0.67 -0.74 1.00

wss -0.58 0.20 0.18 -0.05 1.00

error-corrected RCM

tas pr hurs rsds wss

tas 1.00

pr -0.21 1.00

hurs -0.27 0.73 1.00

rsds 0.20 -0.64 -0.74 1.00

wss -0.56 0.14 0.17 -0.05 1.00
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Table C.2: Stations in Austria aggregated to RCM grid cells for direct valida-
tion study of inter-variable relations in Chapter 7.

grid-cell stat. ID name lon East lat North height

1

Villach

region

18210 Millstatt 13.5736 46.8083 719

18211 Millstatt-
Kleindombra

13.5833 46.8000 754

18225 Spittal/Drau 13.4872 46.7906 542

18305 Radenthein 13.6981 46.7981 685

18306 Radenthein 13.6983 46.8003 688

19911 Hermagor 13.4922 46.6097 562

20001 Bad Bleiberg 13.6889 46.6250 907

20002 Bad Bleiberg 13.6844 46.6253 909

20005 Kreuth 13.6667 46.6167 835

20010 Fresach 13.6950 46.7144 748

20011 Fresach 13.6853 46.7153 681

20020 Villacher Alpe 13.6733 46.6036 2140

20021 Villacher Alpe 13.6733 46.6036 2164

2

Kitzbühel

Alps

8900 Kreit 12.0756 47.5411 625

9000 Kirchbichl 12.0867 47.5156 498

9010 Kufstein 12.1639 47.5742 492

9016 Kufstein 12.1628 47.5753 490

9011 Oberndorf/Ebbs 12.2000 47.616 474

9018 Soellmt 12.2128 47.5133 656

12201 Kitzbuehel 12.3583 47.4597 791

12202 Kitzbuehel 12.3942 47.4472 744

12210 Hahnenkamm 12.3667 47.4333 1665

12212 Hahnenkamm-
Ehrenbachhoehe

12.3667 47.4167 1760

12215 Hahnenkamm-
Ehrenbachhoehe

12.3619 47.4192 1790

3

Hohe Tauern

Nationalpark

15210 Virgen 12.4558 47.0028 1212

15300 Enzingerboden 12.6333 47.1667 1480

15310 Mooserboden 12.7167 47.1500 2036

15321 Rudolfshuette 12.6256 47.1339 2304

15322 Rudulfshuette/
Weisssee

12.6333 47.1333 2315

Continued on next page
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Table C.2 – continued from previous page

grid-cell stat. ID name lon East lat North height

15330 Schneiderau 12.6000 47.2000 1041

15340 Kals 12.6500 47.0000 1347

15343 Kals 12.6461 47.0033 1338

15344 Kals 12.6464 47.0047 1352

15341 Kals-Grossdorf 12.6333 47.0000 1350

4

Semmering

10400 Muerzzuschlag 15.6858 47.6031 758

10401 Muerzzuschlag 15.6728 47.6022 705

10415 Semmering 15.8283 47.6331 985

10412 Rax/Seilbahn
Bergstation

15.7786 47.7175 1547

10416 Semmering/
Suedbahn-
Hotel

15.8333 47.6333 1000

10505 Semmering-
Mariaschutz

15.8500 47.6333 855

10508 Breitenstein 15.8361 47.6636 825

10511 Reichenau/Rax 15.8500 47.7000 485

10510 Reichenau/Rax 15.8369 47.6997 488

10550 Hirschenkogel 15.8333 47.6233 1318

5

Basin of

Klagenfurt

18620 St.Veit/Glan 14.3606 46.7647 475

18621 St.Veit/Glan 14.3458 46.7597 475

18622 St.Veit/Glan 14.3856 46.7392 463

20211 Klagenfurt-
Flughafen

14.3333 46.6500 447

20212 Klagenfurt-
Flughafen

14.3183 46.6483 450

20219 Poertschach 14.1667 46.6333 441

20220 Poertschach 14.1664 46.6311 452

20270 Feldkirchen 14.0969 46.7219 546

20305 Hoerzendorf/
St.Veit

14.3464 46.7322 492

6

Pongau

12501 Bischofshofen 13.2167 47.4167 556

12503 Bischofshofen 13.2239 47.4081 550

12506 Bischofshofen-
Buchberg

13.2167 47.4000 733

Continued on next page
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Table C.2 – continued from previous page

grid-cell stat. ID name lon East lat North height

12505 St.Johann im
Pongau

13.1836 47.3153 634

12530 St.Johann im
Pongau

13.1836 47.3153 634

12510 Schwarzach 13.1333 47.3167 600

12513 St.Veit im Pon-
gau

13.1553 47.3469 750

12520 Mitterberg 13.1333 47.4167 1503

12620 Wagrain 13.3050 47.3336 880

7

Vienna

5880 Gumpoldskirchen 16.2833 48.0333 222

5881 Gumpoldskirchen 16.2822 48.0403 219

5916 Wien-Unterlaa 16.4228 48.1275 200

5917 Wien/Unterlaa 16.4192 48.1247 201

5925 Wien-
Innerestadt

16.3669 48.1983 177

5970 Gross-
Enzersdorf

16.5667 48.2000 153

5972 Gross-
Enzersdorf

16.5592 48.1997 154

5980 Muenchendorf 16.4000 48.0333 184

5990 Schwechat 16.5708 48.1108 184
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Table C.3: Observation stations and their coordinates, used for indirect vali-
dation in Chapter 8.

station name id lon East lat North height [m]

Krippenstein 9620 13.7000 47.5167 2050

Sonnblick 15410 12.9581 47.0544 3105

Graz-Flughafen 16400 15.4478 46.9947 337

Aschach 3120 14.0167 48.3833 282

Millstatt 18210 13.5736 46.8083 719

Seibersdorf 7710 16.5050 47.9764 185

Reichenau/Rax 10510 15.8369 47.6997 488

Gmunden 6620 13.8075 47.9147 424

Groebming 12810 13.9036 47.4456 766

Weissensee-Gatschach 19821 13.2867 46.7192 945

Poertschach 20220 14.1664 46.6311 452

Salzburg-Flughafen 6300 13.0017 47.8014 430

Wien-Hohewarte 5906 16.3564 48.2486 198

Bruckneudorf/Heidehof 6101 16.8467 48.0147 167

Schwechat 5990 16.5708 48.1108 184

Hohenau/March 2600 16.9044 48.6172 155

Laa/Thaya 2400 16.3853 48.7261 187
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Figure 2.1 Schematic explanation of a climate model (Fig-
ure 2 in Viner et al., 1995) (with courtesy to
http://mycaveat.com/CAVEAT-background.htm

for a not blurry version). 7

Figure 2.2 Sketch of the development of GCMs since mid-
1970 showing the increase in complexity. Acronyms
refer to the four assessment reports published
by the Intergovernmental Panel on Climate Change
(IPCC). Image courtesy of IPCC AR4 WG 1 Fig-
ure 1.2. 8

Figure 2.3 Meteorological spatial and temporal scales in-
cluding GCM (red) and RCM (blue) resolution.
Image courtesy to the COMET Program, mod-
ified by author. 10

Figure 3.1 Ranking of ten methods for cross-validated mean
squared error of different percentiles of the tem-
perature distribution in 2069 to 2098 (Figure 8

in Räisänen and Räty, 2012). Cells numbered
1 (dark blue) indicate best performance, cells
numbered 10 (grey) worst. M 9 is Quantile Map-
ping (QM) with running means and M 10 is QM

with linear fit. 19

Figure 4.1 Sketched Q-Q plot for any simulated and ob-
served variable x_mod and x_obs. Red line in-
dicating the parallel extrapolated correction value,
red region indicating possible future new ex-
tremes, blue arrows showing schematical cor-
rection for values in calibration sample. 22

Figure 5.1 The ENSEMBLES project (contract number GOCE-
CT-2003-505539) is supported by the European
Commission’s 6th Framework Programme as
a 5 year Integrated Project from 2004-2009 un-
der the Thematic Sub-Priority "Global Change
and Ecosystems" (ENSEMBLES) domain. Figure
1.2.1 of the ENSEMBLES deliverable report D2B.9
(C4I, 2008) to show domain covered by climate
model data. 26

Figure 5.2 Climate change signal of temperature and pre-
cipitation for Tirol for winter season 2021 to
2050 minus 1971to 2000 simulated by ENSEMBLES

A1B RCMs (Figure 2.1 of Wilcke et al., 2012). 26
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Figure 5.3 Observation station locations of the ZAMG net-
work. 29

Figure 5.4 Evaluated grid cells and observation stations
in Austria. (1) Villach region, (2) Kitzbühel Alps,
(3) Hohe Tauern Nationalpark, (4) Semmering,
(5) Basin of Klagenfurt, (6) Pongau, (7) Vienna. 30

Figure 6.1 Annual mean RCM (ICTP-RegCM3) bias at ob-
servation stations (1991 to 2010) for a) tem-
perature, b) precipitation, c) relative humid-
ity, and d) wind speed (top down) for the raw
RCM (for temperature altitude corrected), the
error-corrected RCM with split-sample evalua-
tion. 35

Figure 6.2 Monthly bias of a) temperature, b) precipita-
tion, c) relative humidity, and d) wind speed as
box-whisker plots for the raw RCM (for temper-
ature altitude corrected) split in two periods
(red and orange), the bias corrected RCM (ICTP-
RegCM3) with split-sample evaluation (green and
blue, see Section 6.2.1 for detailed description).
Box and whiskers indicate the (spatial) vari-
ability of errors at the different Austrian sta-
tions. Boxes indicate the first (q25) and the third
(q75) quantile, the whiskers extend to q5 and
q95, and the black horizontal line indicates the
median. 37

Figure 6.3 Density distributions of the four raw RCMs (red
thin lines), the split-sampled error-corrected RCMs

(green thin lines), and the observations (black
fat line) for summers (JJA) for the period 1991

to 2010 of Hohe Warte Vienna, Sonnblick, Inns-
bruck University, Zermatt for a) temperature,
b) precipitation, c) relative humidity, d) wind
speed, and e) global radiation. 39

Figure 6.4 root mean squared error (RMSE) of ERA40 driven
raw RCMs (red) and split-sample corrected (val:
1981 to 2000) (green) for whole years. Boxes
contain RMSE of about 60 stations in Austria.
Box and whiskers indicate the (spatial) vari-
ability of errors at the different Austrian sta-
tions. Boxes indicate the first (q25) and the third
(q75) quantile, the whiskers extend to q5 and
q95, and the black horizontal line indicates the
median. 40
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Figure 6.5 Upper panels shows autocorrelation function
for 20 year period (validation period 1981 to
2000) of precipitation, respectively, for obser-
vations (black), raw RCM-ERA40 (red), and split
sample corrected RCM-ERA40 (blue) for four RCMs.
The difference in autocorrelations of raw (red)
and corrected (blue) RCMs to observations is
shown in the lower panels. Here the grey line
represents the observation (zero). 41

Figure 6.6 Autocorrelation function and delta autocorre-
lation as in Figure 6.5 but for relative humid-
ity. 42

Figure 6.7 Autocorrelation function and delta autocorre-
lation as in Figure 6.5 but for wind speed. 43

Figure 7.1 Correlation matrices for the period 1971 to 2010

(Zermatt 1981 to 2010) including temperature
(tas), precipitation (pr), relative humidity (hurs),
global radiation (rsds) (only for Vienna and
Zermatt), and wind speed (wss) for selected
stations in Austria and Switzerland for a) ob-
served, b) modelled, c) error-corrected mod-
elled data in summer (JJA). Pie charts show
Spearman correlation coefficients, indicated with
counterclockwise (negative correlation, blue) and
clockwise (positive correlation, red) pie slices.
Lines in scatterplots are the Loess fit. The val-
ues above and below the variable names give
the range of the data. The model shown here
is the ICTP-RegCM3. 48

Figure 7.2 Correlation matrices for Innsbruck for summer
(JJA) of the periods (top) 2021 to 2050 and (bot-
tom) 2069 to 2098 for (a) raw and (b) corrected
RCM. Same layout as for Figure 7.1. 49

Figure 7.3 Conditional density estimate ( f (Y|x) = fX,Y(x, y)/ fX(x))
for relative humidity (Y) conditioned on tem-
perature (X), created with condens1 function of
the aratio package in R. 51

Figure 7.4 Log-ratio (colour bar) of wind speed condi-
tioned on surface pressure for the region Vi-
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Overlaid by the standard deviation as contour
plot. 55

Figure 7.5 Log-ratio of wind speed conditioned on sur-
face pressure for the region Hohe Tauern (3) in
October 1981 to 2000. 56
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to 2000. 57
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April 1981 to 2000. 58
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near surface temperature for the region Pon-
gau (6) in July 1981 to 2000. 59

Figure 7.9 Log-ratio of precipitation amount conditioned
on near surface temperature for the region Hohe
Tauern (3) in July 1981 to 2000. 60

Figure 8.1 Observation station locations of the ZAMG used
for indirect validation, for the snow model (black
& red) and for the THI (blue and red). Numbers
indicate the station ID. Station coordinates and
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Figure 8.2 Relative absolute difference in [%] (colourkey)
in number of snow days (NOS)wherexisasnowvariable,e. g., SWEandvisanelemento f thegroupo f uncorrectedclimatevariables:airtemperature,precipitation,relativehumidity,globalradiation,windspeed,andall.(v_uncor)
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(lower value), used METNO-HIRHAM (driven by
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in 1970 to 2000. 66

Figure 8.3 Median of relative differences [%] in SWEv_uncor
compared to SWEall_v_cor as values and colourkey
RCM: METNO-HIRHAM (driven by HadCM3Q0), pe-
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Figure 8.5 NSE of snow depth (SD)v_uncor with reference a)
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driven). 69

Figure 8.6 The three of a yes/no forecast for snow fall
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ERA40. 72

Figure 8.7 Autocorrelation of SF inclusive simulation driven
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dicate v_uncor and all_v_cor. Observations are in
black, AMUNDSEN results driven with observa-
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March, 1981 to 2000, METNO-HIRHAM-ERA40. 74
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HIRHAM-ERA40. 75

Figure 8.9 Density distribution of the temperature-humidity
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servation (black), raw RCM (red), bias corrected
RCM (blue); for July (solid) and August (dashed).
RCM shown: SMHI-RCA-ERA40; period: 1981 to
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1981 to 2000. Details for box-whisker definition
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ERA40 (green). Delta autocorrelation of raw (red)
and corrected (green) to observations in the
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Abstract: 
Statistical downscaling and error correction methods are used to improve output from 
Regional Climate Models (RCMs) for the use in climate impact research. One such statistical 
empirical method is Quantile Mapping (QM), which is often used to correct for biases in 
RCM’s temperature and precipitation, recently. In this thesis the performance of QM is 
investigated when applied to temperature and precipitation, but also to relative humidity, wind 
speed, global radiation, and surface pressure. 
The main results are that QM strongly reduces the annual and monthly mean biases and 
corrects the distributions—independent of shape—for all variables and RCMs. Even non-
stationarities in the biases cannot hinder the good results of QM. The temporal and inter- 
variable structure provided within the RCMs is not manipulated by QM, which is positive 
when the RCM’s structure is correct. As strong deviations from observed inter-variable 
relations are found in RCMs, the conservation of those relations produces less convincing 
results of QM for combined indices. 
The effect of individually quantile-mapped climate variables on derived variables, like number 
of snow days, snow depth, or temperature-humidity index (THI) is mostly positive. Derived 
variables are sensitive to the day-to-day structure of time-series. The improvement is not as 
strong as for directly corrected variables, as QM corrects for the mean statistics and 
preserves the day-to-day structure of the RCM. 
However, in terms of Nash-Sutcliffe-Efficiency (NSE) no improvement can be found in most 
cases. 
Generally, QM corrects individual climate variables with convincing results, but needs further 
enhancements to improve the inter-variable relations in RCM output. 
 
Zum Inhalt: 
Um Klimadaten aus Regionalen Klimamodellen (RCMs) für Klimafolgenforschung 
aufzubereiten werden statistische Skalierungs- und Fehlerkorrektur-Methoden verwendet. 
Diesbezüglich besonders geeignet ist Quantile Mapping (QM), welches in letzter Zeit häufig 
zur Korrektur simulierter Temperatur und Niederschlag verwendet wird. In dieser Arbeit wird 
zusätzlich untersucht wie gut QM Fehler in Relative Feuchte, Windgeschwindigkeit, 
Globalstrahlung und Bodendruck korrigieren kann. 
Zu den Hauptergebnissen zählt die starke Reduktion jährlicher und monatlicher Fehler durch 
QM, wie auch die formunabhängige Korrektur der Dichteverteilungen für alle Variablen und 
RCMs. Sogar nicht stationäre Fehler werden mit QM reduziert. Es wird gezeigt, dass QM die 
vom RCM vorgegebene zeitliche Struktur und die Beziehungen zwischen Variablen nicht 
verändert. Allerdings werden zum Teil große Unterschiede zwischen den beobachteten und 
den simulierten Beziehungen zwischen Variablen gefunden. Durch die Erhaltung der 
fehlerhaften simulierten Beziehungen können größere Fehler in Indizes aus kombinierten 
Variablen erhalten bleiben. 
Der Effekt von fehlerkorrigierten Klimavariablen auf davon abgeleitete Variablen ist 
überwiegend positiv, wie z.B. bei der Anzahl an Schneetagen, Schneehöhe oder 
Temperatur-Feuchte-Index (THI). Abgeleitete und kombinierte Variablen sind sensibel 
gegenüber der täglichen Struktur und den Beziehungen zwischen den Variablen. Da QM 
genau diese Strukturen in den Modeldaten nicht ändert, ist die Verbesserung nicht so 
großwie bei den direkt korrigierten Variablen. Gemessen an der Nash-Sutcliffe-Effizienz 
(NSE) kann keine Verbesserung gefunden werden. 
Zusammengefasst korrigiert QM Klimavariablen sehr gut. Um die Beziehungen zwischen 
Variablen und zeitliche Strukturen in Modeldaten zu verbessern, muss QM allerdings 
weiterentwickelt werden. 
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