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Kurzfassung

Globale Klimamodelle sind das einzige Werkzeug, um die E�ekte des globalen Kli-
mawandels in Bezug auf quantitative Ver•anderungen in den unterschiedlichen mete-
orologischen und hydrologischen Variablen abzusch•atzen. Niederschlag und Temper-
atur sind dabei zwei der wichtigsten Gr•o�en, da sie andere meteorologische Variablen,
(wie z. B. die Luftfeuchtigkeit oder die Verdunstung), hydrologische Variablen (wie
z. B. den Ober
 •achenab
uss) und ganz direkt die Lebensbedingungen des Men-
schen (z. B. die Nahrungsmittelproduktion) stark beein
ussen. Unter den weiteren
gro�r •aumigen und lokalen Bedingungen, die das Auftreten von Niederschlag und
die Niederschlagsmenge bestimmen, spielen die geographischen und topographischen
Gegebenheiten die wahrscheinlich wichtigste Rolle. Darum m•ussen diese Gr•o�en,
f•ur jedes einzelne Zielgebiet einer Klimawandelabsch•atzung lokal analysiert werden.
Ungl•ucklicherweise ist die Skala, auf der die globalen Klimamodelle (engl. \Global
Circulation Models" - kurz: \GCM") arbeiten, zu gro� f •ur sinnvolle Untersuchungen
zuk•unftiger Niederschlag- und Temperaturverh•altnisse auf lokalem Ma�stab. De-
shalb wurden andere Methoden entwickelt, um die N•utzlichkeit und die Au
 •osung
der GCM-Daten auf lokaler Ebene zu erh•ohen (sog. \Downscaling").

Als eine grobe Einteilung der Dowscaling-Methoden spricht man von statistischem
und dynamischem Downscaling. Beim statistischen Downscaling wird versucht, eine
Beziehung zwischen den gro�skalig simulierten Variablen aus den GCMs (Pr•adik-
toren) und beobachteten lokalen Messwerten (Pr•adiktanten) zu etablieren. Unter
der Annahme, dass diese Beziehung in der Zukunft konstant bleibenwird, kann
sie dazu genutzt werden, die zuk•unftigen lokalen Werte der Pr•adiktanten aus den
simulierten Zukunftszenarien der Pr•adiktoren vorherzusagen. Der Ansatz des dy-
namischen Downscaling mittels regionaler Klimamodelle (engl. \Regional Circula-
tion Models" - kurz: \RCM") besteht darin, eine physikalisches Mo del mit mehr
oder weniger der gleichen Komplexit•at wie das GCM in dieses einzubetten. Das
RCM erh•alt seine Eingabewerte als Randbedingungen aus dem GCM und berechnet
die vorliegenden physikalischen Gleichungen erneut auf einer deutlich feineren Skala.
Damit k •onnen die lokalen Ein
ussfaktoren ber•ucksichtigt werden. Es angenommen,
dass die Ergebnisse somit besser f•ur Untersuchungen im lokalen Ma�stab geeignet
sind. Beide Downscaling-Methoden werden weltweit vielf•altig in Klimawandel-Studien
und Klimafolgekosten-Analysen eingesetzt. Die G•ute der Ergebnisse ist sehr unter-
schiedlich und es werden st•andig neue Techniken entwickelt, um diese zu verbessern.
Beide Methoden haben ihre typischen Vor- und Nachteile. Satistische Downscaling
Methoden sind weit weniger rechenintensiv. Allerdings basieren sie auf der Annahme,
dass der Zusammenhang zwischen globalen und lokalen Variablen konstant ist, was
in manchen F•allen schwer zu rechtfertigen ist. RCMs auf der anderen Seite k•onnen
zwar die physikalischen Gleichungen auf einem lokalen Ma�stab l•osen, erben aber
•uber die Randbedingungen die Modelfehler aus dem antreibenden GCMs.
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In dieser Arbeit wird eine statistische Downscaling Methode vorgestellt, die ver-
sucht, die aus dem GCM geerbten Modellfehler zu korrigieren. Es werden drei RCMs
f•ur den deutschen Teil des Reineinzugsgebiets betrachtet. Die Methode basiert auf
einer Korrektur der Quantile der Verteilung der Niederschlagswerte (in einigen Un-
tersuchungen auch der Temperatur). Nach der Korrektur werden Szenarios des
zuk•unftigen Niederschlags entwickelt. Dar•uber hinaus wird eine r•aumlich detaillierte
Version des konzeptionellen hydrologischen Models HBV f•ur den deutschen Teil des
Rheineinzugsgebiets kalibriert und mit den rohen sowie den korrigierten Zukunfts-
daten beschickt. Damit soll eine sinnvolle Prognose des hydrologischen Regimes
dieses wichtigen europ•aischen Stroms erm•oglicht werden.

Die im letzten Abschnitt erw •ahnte Downscaling-Methode wurde auf zwei ver-
schiedene Weisen implementiert. Im ersten Fall wurde die Methode auf die RCM
Daten angewandt, ohne irgendwelche Einschr•ankungen in der Quantil-Quantil Trans-
formation zwischen den Kontroll- und den Szenariol•aufen f•ur die Zukunft zu ber•uck-
sichtigen. Im zweiten Fall wurde die Quantil-Quantil-Transformat ion auf das Auftreten
bestimmter gro�r •aumiger Wetterlagen (engl. \Ciruclation Patterns", kurz: CPs)
konditioniert. In einem vorherigen Abschnitt wurde kurz diskuti ert, wie Niederschlag
in seiner H•au�gkeit und Menge von verschiedenen Ph•anomenen beein
usst wird.
Neben den geographischen und topographischen Verh•altnissen am Erhebungsort spie-
len dabei auch die gro�skaligen atmosph•arischen Str•omungsverh•altnisse eine Rolle.
Es wird somit angenommen, dass die Konditionierung der Downscaling-Methode auf
die Wetterlage bessere Ergebnisse bringen k•onnte.

Um das oben skizzierte Konzept zu verwirklichen, wurde eine Klassi�zierung der
Wetterlagen durchgef•uhrt. Die Klassi�zierung basiert auf einem Fuzzy-Logik Regel-
system. In dieser Arbeit werden zwei neuartige Fuzzy-Logik Klassi�zierungsmetho-
den vorgestellt: Die erste Methode basiert auf den Niedrigwasser-Ab
ussverh•altnis-
sen der Fl•usse im Untersuchungsgebiets, die andere auf einem Clustering vonNieder-
schlagsmessstationen. Die neue Klassi�zierungsmethode scheinteine bessere Klassi-
�zierung der Wetterlagen zu liefern, gemessen daran, dass der Unterschied zwischen
den einzelnen Klassen ausgepr•agter ist und •Ahnlichkeit der Mitglieder einer Klasse
erh•oht. Um die Klassi�kation zu pr •ufen, wurde ein G•utema� namens \Wetness
Index" entwickelt. Der Wetness-Index wurde dazu verwendet,besonders kritische
Wetterlagen, die also f•ur extrem nasse oder extrem trockene Verh•altnisse verant-
wortlich sind, zu identi�zieren. Es konnte gezeigt werden, dass alle extremen F•alle
von Hochwasser oder Trockenheit auf die gleichen, kritischen CPszur•uckgef•uhrt wer-
den k•onnen.

In dieser Arbeit wird dar •uber hinaus eine weitere statistische Downscaling Meth-
ode vorgestellt, die auf einem multivariaten, autoregressiven Model erster Ordnung
basiert. Diese Methode verwendet die Informationen der im letzten Abschnitt beschrieben
Wetterlagenklassi�kation. Die Parameter des autoregressiven Modells werden dabei
CP abh•angig gew•ahlt. Die Methodik wird auf eine Reihe von Oberstrom-Einzugsgebieten
in S•ud- und Ostdeutschland angewendet. Oberstrom-Einzugsgebiete haben per Def-
inition eine sehr kurze Reaktionszeit auf signi�kante Regenereignisse. Sie tragen
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sehr schnell zum Ober
•achenab
uss bei und wenn sie Teil des Einzugsgebiets eines
gro�en Flusses sind, k•onnen sie auch gr•o�ere Hochwasserereignisse ausl•osen. Das
Niederschlags-Downscaling f•ur diese Einzugsgebiete wurde mit dem mittleren Luft-
druck auf Meeresh•ohe als Pr•adiktor und der Niederschlagsh•ohe an einer lokalen
Messstation als Pr•adiktant durchgef•uhrt. Das Model wurde so aufgesetzt, dass ein
Ensemble der t•aglichen Niederschlagsh•ohe erzeugt werden kann. Dadurch wird es
m•oglich, die Unsicherheit der Methode mit abzusch•atzen.

Letztlich wurde noch eine Untersuchung bez•uglich D•urreperioden im deutschen
Teil des Rheineinzugsgebietes durchgef•uhrt. Dazu wurde der Palmer D•urre Index
verwendet. Es wurde ein FORTRAN-Programm entwickelt, welches verschiedene
D•urre Indices wie den Palmer D•urre Index, den hydrologischen Palmer D•urre In-
dex und den monatlichen Feuchteanomalie Index f•ur ein bestimmtes Einzugsgebiet
berechnen kann. Das Programm vermag die berechneten Ergebnisse gleichzeitig in
einer Karte darzustellen. Die Kartendarstellung erm•oglicht es, die Schwere einer
D•urre auch f•ur ein gr•o�eres Gebiet abzusch•atzen. Die Analyse von D•urreperioden
wurde f•ur gerasterte Beobachtungsdaten sowie f•ur Daten aus den Kontroll- und A1B-
Szenariol•aufen dreier RCMs durchgef•uhrt.
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1. Introduction

The importance of data for scienti�c research in any �eld can not be over empha-
sized. As in all other �elds the advancement in hydrological and meteorological
sciences would be halted if representative, relatively accurate and spatially and tem-
porally extensive data were not available. Hydrological sciences particularly requires
spatially and temporally extensive data of several physical variables to drive di�erent
models (physical or conceptual) to help understand important physical hydrological
phenomena. Hydrological models are used to simulate the physical reaction of cer-
tain catchment to occurrence of particular short term event or extended absence of
certain event. The simulation of hydrological models would only be plausible and
reliable if the models are �rst of all based on hypothesis that are physically and
theoretically sound and second of all the developed models are tested (calibrated) on
representative data.

Floods and droughts are considered two of the most important hydrological phe-
nomena that a�ects human life. Be they may loss of life, loss of propertyor distur-
bance to eco-system as a whole, the a�ects of 
oods and droughts are both short and
long term. Modeling of extremes of hydrological phenomena is complicated process.
As the extremes events are rare , there may not be enough measured data available
to model certain catchment for these extremes. Statistical testsand inference pro-
cedures are also hampered by scarcity of data for extreme events. Extreme value
theory (EVT) is widely used by hydrologists for 
ood and drought mitigati on. The
severity of a hydrological extreme event is expressed as a non-exceedance probability,
or equivalently, in terms of return period (Renard and Lang, 2007). Flood frequency
analysis are also used for extreme hydrological phenomena simulation while more
recently Copulas are used for multivariate extreme value analysis (Chebana and
Ouarda, 2008) and (Renard and Lang, 2007). The core of the problem in most of
the cases is scarcity of extremes of data and hence di�erent statistical procedures
are adopted to cater for this scarcity. The drawback in frequency and return period
based analysis was pointed out as early as 1941 inGumbel (1941) where on page 187
he states:

In order to apply any theory we have to suppose that the data are homogeneous,
i.e. that no systematical change of climate and no important change in the basin
have occurred within the observation period and that no such changes will take place
in the period for which extrapolations are made.

So very early on, it was understood that the climate change is an important phe-
nomenon that needs to be looked into when modeling for important hydrological
processes like 
oods and droughts. Human activities like burning offossil fuels,
changes in land cover and use have impact on concentration of green house gases
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which in turn alters the energy balances and tends to warm the atmosphere. The
warming of atmosphere results in climate change and alters the usual (observed in
past) behavior of hydrological cycle (Some reports indicate that mean annual global
surface temperature has increased by about 0.3� C-0.6 � C since the late 19th century
and it is anticipated to further increase by 1 � C-3.5 � C over the next 100 years (Wat-
son et al., 1995). Speci�cation of bounds on 
ood and drought extremes in changed
climate situations for future then becomes questionable. This was also observed by
Gumbel (1941) on page 163 where for speci�c cases of 
oods he states \Some au-
thors have tried to introduce upper and lower limits to the discharges, even though it
is doubtful that such limits exist".

Meteorological and hydrological data derived from global and regional climate
models are one another possibility for use in modeling for extreme hydrological sit-
uations. These models provide extensive data in temporal and spatialresolutions
which can be used in hydrological models for simulation in mesoscale catchments.
Additionally di�erent scenario considerations in transient run sim ulations of regional
climate models make them useful for climate change assessment. These models are
state of the art numerical coupled models that represent di�erent subsystems of
earth's climate. Depending upon which global and regional climate modelone is
considering, they provide di�erent large scale and local scale variables over di�erent
characteristic grid sizes over di�erent areas. Although global climate models reliably
simulate large scale variables, at �ner spatial resolutions, climate models have much
smaller skill (Grotch and MacCracken, 1991). It is this limitation of global climate
models that downscaling is considered as an important preliminary step in usage of
data from global and regional climate models.

This thesis attempts to present statistical downscaling of large scale data from
regional climate model using quantile-quantile exchange as a methodology and as-
sesses the results obtained from this methodology by applying the downscaled infor-
mation to hydrological model on selected catchments of Germany. Circulation pat-
terns (CPs) associated with extremes of hydrological situations are identi�ed both
in observational gridded data sets and in regional climate models. CP conditioned
downscaling is performed and resulting information is applied to distributed version
of conceptual hydrological model HBV for di�erent catchments in Germany to assess
the model's response to di�erent scenarios of precipitation.

1.1. Background and Motivations

Global circulation models (GCM) are comprehensive climate models that are based
on physical laws represented by mathematical equations that are solvedusing a three-
dimensional grid over the globe. For climate simulation, the major components of the
climate system must be represented in sub-models (atmosphere,ocean, land surface,
cryosphere and biosphere),along with the processes that go on withinand between
them (Houghton et al., 2001). All these sub models are working within the whole
at a very coarse resolution. Currently, the resolution of the atmospheric part of a
typical model is about 250 km in the horizontal and about 1 km in the vertical above
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the boundary layer. The resolution of a typical ocean model on the otherhand is
about 200 to 400 m in the vertical, with a horizontal resolution of about 125 to 250
km.

Given the coarse resolution of GCM, they can not be directly used for hydrological
studies on local scale neither are they designed for it. Instead the information from
GCM are downscaled to limited-area and �ner resolution. This downscaling process
is usually called as dynamical downscaling (2.2.1). Regional climate models (RCM)
are used to perform dynamical downscaling to make information suitableto be used
for regional studies. RCM are driven by coarse resolution GCM models ( boundary
conditions of RCM coming from GCM), and they provide di�erent variabl es (hydro-
logical or/and meteorological) at a scale �ner than GCM's scale. Unlike the global
nature of global circulation models, RCMs cover only a section of the globe, which
can be modeled at a �ner spatial resolution. RCMs used in this study e.g. have
spatial resolution as �ne as 25Km x 25Km. Although this resolution may seem to
be adequate for regional studies yet to obtain accurate information on the location,
quantity and intensity of precipitation and on changes in precipitation characteristics
caused by climate change, one may still wish and opt for �ner resolution (Bronstert ,
2009). Xu (1999) presents the following reasons for insu�cient spatial scale and
inaccuracies of RCMs.

1. The boundary conditions of the regional model are obtained from the GCM,
and therefore frequently contain a systematic error of atmospheric dynamics,
which is transferred to the respective region. Errors in the GCM thus directly
limit the capacity of the regional climate model.

2. The parameterization of important processes in the RCM, such as the formation
of clouds, soil water dynamics, or land-surface interactions, has not yetbeen
resolved in a way that allows for a de�nition of the natural variability u nder any
weather condition or for the recognition of a possible signal of climate change.

3. The resolution of the RCMs is su�ciently detailed to represent l arge-scale pre-
cipitation patterns. However, these resolutions are not su�cient to cover small
scale precipitation, such as convective thunderstorms of local orographic rain-
fall. Though processes taking place at a smaller scale than represented by the
grid box (\subgrid-scale processes") can be parameterized by the subdivision
of the grid boxes into a clouded and a cloud-free section, several convective
systems cannot be localized within a grid square.

4. Regional climate models have not yet been su�ciently tested with regard to
how realistically they represent rainfall-runo� events caused bystorm rainfall.

Given these short comings in RCM generated data, a downscaling procedure based
upon the quantile-quantile exchange of precipitation quantiles is developed. Observa-
tional gridded data set's precipitation amounts are related with RCM control period's
precipitation amounts. The relationship is further used for future scenario of precip-
itation amounts and extreme situations are analyzed. Further, given theimportance
of extreme hydrological situations,a new methodology for CP classi�cationis intro-
duced and the methodology is applied to smaller head catchments (for 
oods) and
bigger catchments (for droughts) in Germany.
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1.2. Organization of thesis

This thesis is organized as follows. After this introduction chapter, a brief over
view of di�erent downscaling procedures adopted and used in hydrological and me-
teorological sciences is presented along with the advantages and disadvantages of
each method in chapter 2 called \Downscaling". Chapter 3 \Methodology" then
presents the methodology adopted in this thesis for downscaling and circulation pat-
tern classi�cation with that is useful both for extreme wet and dry conditions at
the same time. Before the results of application of this methodology are presented
in Chapter 5 (\Results-Circulation pattern classi�cation") and Chapte r 6 (\Results-
Downscaling"), it is felt important to describe the data that is used in this thesis in
Chapter 4 called \Catchments and Data". Chapter 7, \Application of PDSI to raw
RCM and downscaled RCM data" provides the drought analysis of German partof
Rhine basin while Chapter 8 \Application of raw and downscaled RCM information
to hydrological model" �nally provides the results of possible changes in hydrological
regime of river Rhine due to climate change. Discussion and conclusions are then
summed up in Chapter 9 (\Conclusions") of this thesis.
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2. Downscaling

2.1. Preface

This chapter gives a brief over view of downscaling procedures used in hydrological
and meteorological sciences. After an introduction to the downscalingmethodol-
ogy, need and concept, di�erent classi�cations of downscaling procedures is pre-
sented.Each type of downscaling procedure are then brie
y explained along with
necessary references that would provide more in-depth details. This review of down-
scaling procedures is in no way a comprehensive review of vast �eld of downscaling.

2.2. Downscaling

As a reference was made to the scales on which GCMs and RCMs operate in section
1.1, the need and importance of downscaling could be inferred from that. GCMs
neither can be used nor are they designed for regional climate impact studies. One
has to resort to some kind of downscaling procedure to make use of both the data
(number of di�erent meteorological variables) obtained/provided from/b y GCMs and
some locally measured variable. Two procedures/methods are commonlyfollowed to
combine large scale and local scale variables, dynamical downscaling and statistical
downscaling. While the former is more or less a GCM on a regional scale thesecond
make uses of di�erent statistical procedures to reach to a conclusion about kind of
relationship between large scale variable and local scale variable and then use that
relationship in di�erent spatial and temporal domain for intended stud ies.

2.2.1. Dynamical Downscaling

Synoptic climatology focuses on developing empirical-statistical associations to deter-
mine relationships between atmospheric circulation and surface environment. Em-
pirical downscaling (statistical downscaling 2.2.2) on the other hand attempts to
describe the relationship between the two precisely. Regional climate models are the
dynamical downscaling tools that attempts to combine both the goals of synoptic
climatology and empirical downscaling. Regional climate modeling presents the sci-
entist with the opportunity to grasp the dynamics of individual synop tic systems and
their interaction with surface environmental systems. Additionally they can also be
used for predicting contemporary regional climates from large scale circulation data
and developing regional scenarios for studying the impacts of climate change. First
regional climate simulations were carried out byDickinson et al. (1989) and Giorgi
and Bates (1989), where downscaling was performed from global climate models for
climate impact studies. Although the information downscaled from GCM is at a re-
gional scale, the de�nition of regional scale is di�cult. Di�erent de�n itions are often
implied in di�erent contexts. For example, de�nitions can be based on geographical,
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2. Downscaling

political or physiographic considerations, considerations of climate homogeneity, or
considerations of model resolution. Because of this di�culty, an operational de�ni-
tion can be adopted from literature as follows.

Regional scale is here de�ned as describing the range of 104 km2 to 107 km2. The
upper end of the range (107 km2) is also often referred to as sub-continental scale,
and marked climatic inhomogeneity can occur within sub-continental scale regions in
many areas of the globe. Circulations occurring at scales greater than 107 km2, also
called \planetary scales", are clearly dominated by general circulation processes and
interactions. The lower end of the range (104 km2) is representative of the small-
est scales resolved by current regional climate models. Scales smaller than 104 km2

are referred to as \local scale" (Houghton et al., 2001). Ironically almost all hydro-
logical processes occur at local scale or even sub-local scale. Hydrological models
are frequently concerned with small, sub-catchment processes,occurring on spatial
scale much smaller than those resolved in GCM or RCM. There is a need offurther
downscaling of information provided by RCM to better represent the catchments in
hydrological models and hence reach to results which are representative. Keeping
aside the issue of further downscaling of RCM data, we would in this section restrict
ourselves only to the issue of regional climate modeling.

Regional climate models or limited area models use large scale and lateralbound-
ary conditions from GCMs to produce higher resolution outputs (Figure 2.1). After
the �rst successful demonstration of RCMs by Dickinson et al. (1989) and Giorgi
and Bates (1989), much attention has been given to development, evaluation and
application of RCMs. The main idea behind regional climate modeling isthat given
detailed representations of physical processes and high spatial resolution that resolves
complex topography, land-sea contrast and land use, RCM can generate realistic re-
gional climate information consistent with the driving large scale circulation supplied
by either reanalysis data or a GCM. RCMs bridges the spatial gap betweenGCM
and other modeling components such as hydrological models that requireregional
climate information. As such RCMs are critical component of climate modeling and
climate impact prediction. RCMs usually resolve the forcings of GCMsto �ner scale
(typically 0.5 � as opposed to 5.0� of GCM) of latitude and longitude and param-
eterize physical atmospheric processes (Fowler et al., 2007). Thus, they are able to
realistically simulate regional climate features such as orographic precipitation (e.g.
Frei et al. (2003)), extreme climate events (e.g. H.J.Fowler et al. (2005), Frei et al.
(2006)) and regional scale climate anomalies, or non-linear e�ects, such as thoseas-
sociated with the El Nino Southern Oscillation (e.g. Leung et al. (2003)).

Almost all RCMs are grid point models which employ not only variety of stagger-
ings for the wind components but also variety of time integrations schemes, including
the split explicit scheme used in NCAR RegCM2 and semi-implicit schemes. Most
of the RCMs are formulated using the hydrostatic primitive equations while few
like PSU/NCAR mesoscale model (aka MM5) and Canadian regional climate model
(CRCM) also include nonhydrostatic terms. Nonhydrostatics terms allow more accu-
rate representation of phenomena such as deep convection and mountain waves which
are thought to produce large vertical motions when �ne grid are used. However, in
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2.2. Downscaling

Figure 2.1.: A general picture of RCM embedded in a GCM. (Image source: World
Meteorological Organization, Bulletin 57-2)

the context of regional climate modeling, improvement in the simulated climatology
from the use of nonhydrostatic formulations has yet to be demonstrated as most
RCMs have been applied at relatively coarse spatial resolution between 30 Km and
100 Km. Higher resolution modeling can be achieved through model nesting to tele-
scopically zoom into �ner spatial resolution with one or more level of nesting (Figure
2.1), and with the use of nonhydrostatic formulations (Grell et al., 2000). Two type
of nesting methodologies are found in RCMs namely one-way nesting and two-way
nesting.

In one-way nesting RCM is nested in a GCM in such a way that RCM could only
receive the lateral boundary conditions/initial conditions from GCM wi thout having
any in
uence or feedback on the subsequent GCM runs/simulations. GCM is used
to simulate the response of the global circulation to large scale forcings and RCM is
used

1. to account for sub-GCM grid scale forcing like complex topographical features
and land cover inhomogeneity in a physically-based way and

2. to enhance the simulation of atmospheric circulations and climatic variables at
�ne spatial scales.

With one-way nesting the RCM circulation may di�er from that of host G CM e.g.
when large domains are used or in the tropical regions where the boundary forcing
is relatively weak. Weather this di�erence in circulation in RCM an d GCM has an
impact on the credibility of RCM is an issue and diverging views can befound in
R.G.Jones and Noguer(1995) and McGregor (1997).
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In two-way nesting, once RCM receives lateral boundary conditions fromGCM,
it feedbacks some of the results of �ner resolution integrations to subsequent GCM
runs. Although regional models can be run with two way interacting nested sub-
domains, two way interacting experiments between global and regional models have
seldom been attempted. One of the reason is the technical di�culty ofcoupling two
physically complex models running at two di�erent spatial and temporal resolution
and because this technical di�culty outweighs the gains from such an exercise (Giorgi
and Mearns, 1999). An alternate approach to two-way nesting is variable resolution
global climate models,where the model's horizontal grid point spacingis gradually
re�ned toward the area of interest.

 

Figure 2.2.: One-way and two-way nesting of REMO model.

2.2.1.1. Short comings of dynamical downscaling

Although Regional climate models (RCMs) are important tool for dynamical down-
scaling of large scale forcings to regional scale due to superior and consistent inherit
physics involved during the process, yet there are certain shortcomings of this pro-
cedure that can not be ignored;

1. RCMs are computationally intensive and requires expensive resources.

2. Limited number of scenarios ensembles are available from RCMs.

3. Results from RCMs are strongly dependent on GCM boundary forcings (hence
making them biased).

4. Lack of two-way nesting may raise concern regarding completeness.
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5. There occasionally are problems in maintaining viable parameterizations across
scales.

2.2.2. Statistical Downscaling

Statistical downscaling is based on the view that regional climate is conditioned by
two factors: the large scale climatic state, and regional/local physiographic features
(e.g. topography, land-sea distribution and landuse; (Storch, 1995)). The main goal
in statistical downscaling of GCM data is thus to de�ne a relationship between large
scale variable (derived from GCM e.g. geopotential height, generally called predictor)
and local scale variable (observed and measured variable e.g. temperature, gener-
ally called predictant). Assuming that the developed relationship will hold in time,
the relationship is used for future scenarios provided by GCMs. Given that statisti-
cal downscaling is computationally inexpensive compared to dynamicaldownscaling,
multiple realization of future scenarios can be generated at local scale.Uncertainty
of the realizations can thus be estimated. Another advantage is that they canbe used
to provide speci�c local information (e.g., points, catchments), which are generally
most needed in many climate change impact studies (Mearns et al., 2003). With the
development of general circulation models, came the realization of their inability to
represent sub-grid, regional- and local-scale climate information. Although the long-
term goal of numerical climate modellers is to develop accurate �ne-grained model
scenarios, it became obvious in the late 1980s that this goal might take decades to
realize. Because climate impact assessors needed believable regional- and local-scale
scenarios immediately, statistical downscaling became a workable alternative. Con-
sequently, statistical downscaling, emerged as a stopgap e�ort in the late 1980s, and
took on a life of its own in the 1990s (Brent et al. , 2001).

Statistical downscaling of large scale variables is the topic that has evolved and
developed tremendously over the last decade and a half. Di�erent methods have been
developed to ascertain the relationship between predictor and predictant. The most
common form of the relationship has been the predictant as a function of predictor,
but other relationships such as relationship between predictors andthe statistical
distribution parameters of the predictant ( P�zenmayer and Storch, 2001) or the
frequencies of extremes of the predictant (Katz et al. , 2002) have also been explored.
The relationship can be expressed as a stochastic and/or deterministic function. In
this thesis we restrict ourselves to most common practice of relationship identi�cation
i.e. predictant as a function of predictor. The following steps are commonly adopted
for statistical downscaling model development and application (Zorita and Storch,
1997).

1. Downscaling model design:

a) Identi�cation of surface variable Svar , e.g. Precipitation or temperature

b) Selection of large scale variableL var (reliably simulated by GCM) such
that the relationship between L var and Svar is of the type:

Svar = f
�
L var ; �

�
+ � (2.1)
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2. Downscaling

Where � represents part ofSvar that could not be described by the function
f and � is a vector of unknown stochastic parameters (� 1; :::� m )

c) Fitting of parameter � using paired samples (Svar ; L var ) such that

j� j =
�
�Svar � f

�
L var ; �

� �
� = minimum (2.2)

d) Veri�cation of the �tted model by means of independent data set

2. Downscaling model application:

a) Getting large scale variableL var from GCM

b) Checking if GCM reproduces the link betweenSvar and L var

c) Calculation of surface variableSvar using

Svar = f
�
L var ; � ) (2.3)

d) Using Svar in any impact model e.g. any rainfall-runo� model

Depending upon what kind of statistical tool is used to �nd the relati onship be-
tween predictor and predictant, statistical downscaling has been grouped in di�erent
types. Regardless of the type of statistical downscaling that is employed to derive
a relationship between predictor and predictant, there are certainimportant issues
that need to be considered when working with statistical downscaling. In the follow-
ing, after discussing the important issues in statistical downscaling, di�erent kinds
of statistical downscaling techniques are presented.

2.2.2.1. Issues in Statistical downscaling

1. Assumptions: The main assumption made in statistical downscaling is the
stability of atmosphere-surface relationship over time. Yet, there are many
reasons for this assumption to be wrong. The least probable explanation for
transient relationships is a change in the underlying physics as climate changes
(Brent et al. , 2001). A more likely reason is that short-term relationships are
conditional on longer-term variations in the climate system. Unstable relation-
ships can be enhanced further when there are multiple factors responsible for
a surface condition, each of which can change in their own way. Precipitation,
for instance, is controlled not only by vertical ascent, but also by available
atmospheric moisture.

The second assumption is related to the belief in GCMs representation of the
large-scale features of the atmosphere. Inherent in this assumption is that
general circulation modelers have an adequate understanding of atmospheric
physics and that the free atmosphere is not dominated by poorly resolved
boundary conditions (Winkler et al. , 1997). However it has been shown that
even when large-scale circulation features are modeled, GCMs tend to produce
signi�cant errors. Heyen et al. (1996) and R.L.Wilby et al. (1998) are couple
of references that present these errors.

It is also assumed in statistical downscaling that the predictors fully represent
the climate change signal.
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2. Predictor variable selection: Importance should be given to the large scale
variable selection during statistical downscaling procedure. During model de-
velopment for present conditions, certain predictor may not seem important
but future changes in that predictor may be critical in determinin g climate
change. As an example local temperature change under a 2 x CO2 scenario
is dominated by change in atmospheric radiative properties rather than cir-
culation changes (Schubert, 1998) but for local precipitation change the in-
clusion of low-frequency atmospheric predictors can produce enhanced simula-
tions (R.L.Wilby , 1998). Circulation based predictors have been widely used
in downscaling procedures owing to their long available records and reason-
able skill of GCMs simulating these variables, but it is also acknowledged that
circulation predictors alone may not be su�cient as they may fail to cap ture
the mechanisms of precipitations that are based on thermodynamics and vapor
content. Thus humidity should also be considered together with circulation
based predictor ( a practice that is followed in this thesis as well).

3. Predictor domain selection: It is important to give due consideration to
the domain selection during downscaling procedure. The smaller the predictor
domain, the more direct the in
uence of host GCM on the downscaled sce-
nario. Additionally the positioning of the domain should re
ect the domin ant
processes a�ecting the region in question. A study byBrinkmann (2002) sug-
gests that, for studies where only one grid point is used, the optimum grid point
location for downscaling may be a function of the timescale under consideration
and is not necessarily related solely to location. If the position of downscaling
domain is not adequate, subtle variations in present and future storm track po-
sitions may not be captured. R.L.Wilby and T.M.L.Wigley (2000) found that
in many downscaling cases, maximum correlations between predictant(precip-
itation) and predictor (mean sea level pressure) occurred away from the grid
box, suggesting that the choice of predictor domain, in terms of locationand
spatial extent, is a critical factor a�ecting the realism and stabilit y of down-
scaled precipitation scenarios.

4. Model structure and Evaluation: The main step in statistical downscal-
ing involves classifying the atmospheric data and determining therelationship
between the atmosphere and the surface variable. Although there are a lotof
ways to categorize the model, almost all fall along the two axes: one represent-
ing a continuum that ranges from lumped to split, and another that ranges
from stochastic to deterministic. The traditional approach is to lump the cir-
culation into discrete classes. Di�erent techniques have beenused to classify
the weather-types including the manual and automated methods. The relation-
ship between the lumped patterns and the surface environment is then de�ned
either deterministically or stochastically. A more common approach however,
has been to de�ne stochastic relationships between the circulation patterns and
the surface variable. The alternative to grouping the circulation into discrete
groups is to consider the continuity of circulation where there are as many
circulation classes as observations. Continuous-stochastic models though, have
not received much attention (Brent et al. , 2001).
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No matter which technique is used in statistical downscaling, evaluating the method-
ology is a necessary (but problematic) step. It is important to demonstrate the va-
lidity of downscaling function under future climate and that the pr edictors represent
the climate change signal. Unfortunately it is not possible because of insu�cient
empirical knowledge available. A comparison of downscaled information between
recent and historical periods as well as with GCMs may provide the support for
assumption that climate change signal is present. The traditional approachto vali-
dation remains the speci�cation of downscaling technique from segment of available
data and then assessing the performance of the model by comparing its predictions
with independent observed values. This approach certainly needs long observational
records which sometimes is not available.

2.2.2.2. Transfer Function

In this kind of statistical downscaling technique, a relationship is directly quanti�ed
between predictant and set of predictor variables. Individual downscaling schemes
di�er according to the choice of mathematical transfer function, predictor variables
or statistical �tting procedure. Regression models are commonly used to derive a
relationship between predictor and predictant. Both linear and nonlinear relation-
ship could be obtained using regression methods. Although regression method o�ers
comparatively simpler mean of obtaining the relationship, yet the complexity of the
procedure can be increased by using other methods than regression.The amount of
additional information that complex methods o�er however, is sometimes not enough
to justify the e�ort that is put into them.

In the simplest form multiple regression models are built using grid cell values of
atmospheric variables as predictors for surface temperature and precipitation ( Fowler
et al., 2007). The main advantage of regression based methods is their ease of applica-
tion and their use of observable trans-scale relationships. The downside of regression
based methods is their inability to portray reasonable variability in the downscaled
variable. Although there have been suggestions of incorporating additionalvariability
using di�erent statistical techniques. Yet there may still be an issue of downscaling
of extreme events using regression models since events by de�nitions tend to lie at
the margins (or even may be beyond the range of calibration data set).

As an example Zorita and Storch (1997) used canonical correlation analaysis
(CCA) (for details of the CCA the reader is referred to the book Statistical analysis
in climate research (Storch and Zwiers, 1999)), for expressing surface scale rainfall
anomaly S(i,t) at certain location j and time t from large scale pressure anomaly
L(i,t) at certain location i and time t. CCA basically identi�es pairs of patterns
whose time evolution is optimally correlated. if pk and qk are identi�ed patterns for
large and surface scale variables then �rst step in obtaining surface scale variable is
to calculate amplitude ak with which kth large scale CCA pattern appears. This
was achieved by minimizing the sum of the squares in the following equation.

E =
X

t;i

"

L (i; t ) �
X

k

ak (t)pk (i )

#2

(2.4)
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Above equation is di�erentiated w.r.t E, equated to 0 and the resulting linear sys-
tem of equation is solved by standard methods. The surface scale rainfall anomalies
are then just the sum of the estimated amplitudes of the local CCA patterns.

R (j; t ) =
X

k

ckak (t)qk (j ) (2.5)

Where ck are the canonical correlations.

In addition to using CCA as a tool to derive a relationship between predictor
and predictant, a large battery of traditional and modern statistical tool s have
been used as transfer functions in statistical downscaling procedures with varying
success. Piecewise linear and non-linear interpolation techniques (Brandsma and
Buishand (1997)), Logistic regression (Abaurrea and As��n (2005)), multi-way partial
least squares regression (Bergant and Kajfez-Bogataj (2005)), Arti�cial neural net-
work (ANN) ( Zorita and von Storch (1999)), canonical correlation analysis (CCA)
(Busuioc et al. (2001)) and expanded downscaling (B•urger (1996)) are some of the
examples.

2.2.2.3. Weather Generator

Weather generators are not speci�cally developed for downscaling purposes. Weather
generators are basically statistical models used for generating sequences of weather
variables such as precipitation, maximum and minimum temperature, humidity, etc.
Usually precipitation sequences are generated �rst, and other data sequences are de-
rived using statistical relationships between these data and precipitation. Di�erent
relationships are used for wet and dry days. For downscaling purposesthe precip-
itation occurrence in weather generators are conditioned on large scale circulation
realized/simulated by a GCM. Weather generators may be driven by weather typing
schemes. For example daily weather patterns have been identi�ed from principal
components of mean sea level pressure to condition a weather generator.Improve-
ments in the modeling of the autocorrelation structure of wet and dry days were
observed when the probability of rain is conditioned on the current circulation pat-
tern and the weather regime of the previous day (Fowler et al. (2007)). As in other
precipitation modeling methodologies, precipitation generation in weather generators
are also divided in occurrence and amount processes. Most of the weather generators
focus on daily time scale but there are also sub daily models also exist for example
Katz and Parlange (1995).

Precipitation occurrence process is usually modeled in two ways, either using
Markov chain approach or spell length approach. The performance of each method in
realistically simulating precipitation occurrence depends much on the climatic prop-
erties of the area where each method is applied. For exampleWilks (1999) found the
�rst-order Markov model to be adequate for the central and eastern USA, but that
spell length models performed better in the western USA.

Markov chain models (Figure2.3a) are used in an attempt to realistically simulate
the natural behavior of precipitation occurrence. Precipitation data exhibit distinc-
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tive and di�cult characteristics which complicate the statistical models needed to
describe them. In addition to exhibiting the correlation between values at successive
time periods that is typical of all weather variables, precipitation is unique in its
mixed character as both a discrete and continuous variable. That is, precipitation is
very often exactly zero, and hence there is a discontinuity in the probability distribu-
tion of precipitation data between the zero and the nonzero observations (D.S.Wilks
and R.L.Wilby , 1999). The precipitation occurrence has understandably two states
wet and dry, occurring in successive runs. This behavior can be reproduced using
�rst order markov chain process (higher order markov chains are/can alsobe used).
The �rst order process can be shown by the following two conditionalprobabilities
(called transition probabilities as well).

p01 = pr f precipitation on day t j no precipitation on day t � 1g (2.6)

p11 = pr f precipitation on day t j precipitation on day t � 1g (2.7)

From these two probabilities two complementary probabilities could also be cal-
culated as:

p00 = 1 � p01 (2.8)

p10 = 1 � p11 (2.9)

Where p00 is probability of dry day following a dry day while p10 is probability
of dry day following a wet day. Two important and useful precipitati on properties
could be derived from four conditional probabilities shown in Equation 2.6 through
Equation 2.9.

� =
p01

1 + p01 � p11
(2.10)

and

r1 = p11 � p01 (2.11)

� represents the long run relative frequency of precipitation whler1 is �rst lag
autocorrelation of the precipitation occurrence series. Given thenatural precipitation
phenomena,p11 is always greater thanp01, which makesp01 < � < p 11 and r1 > 0.
It is also assumed that the lengths of alternating wet and dry spells aredistributed
according to geometric distribution and that they are independent.

pr [X = x] = p(1 � p)x� 1 ; x = 1 ; 2; 3; ::: (2.12)

Accordingly the probabilities for wet and dry spells are p = p01 and p = 1 � p11

respectively. Finally the average number of days (E) and variance of the number of
days (V ar) for certain length of consecutive wet daysN (T) are computed as:

E [N (T)] = �T (2.13)
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V ar[N (T)] � � (1 � � )T
1 + r1

1 � r1
(2.14)

spell length models (Figure2.3b) are another alternative for generating occurrence
series of precipitation. This methodology generates the lengths of wetor dry spell
not by operating on daily basis but instead in form of spells. Di�erent probability
distributions are �tted to observed relative frequencies of wet and dry spell lengths.
Random numbers are then generated for each length of spell. A new spell length of
opposite type is generated only when previous spell length has ended.The advantage
of this method is that precipitation occurrence sequences with di�erent statistical
characteristics can be obtained using di�erent distributions for the frequencies of
spell lengths. Various distributions can be used for spell lengths e.g. truncated
negative binomial, negative binomial distribution and mixed geometric distribution
are some of the frequently used distributions.

Once a decision about the day being wet or dry is made, the next step is to
generate precipitation amount on a wet day. Daily precipitation amount distribution
is strongly skewed toward the right side, with small precipitation amounts occurring
commonly and large precipitation amounts rarely. Di�erent types of theoretical
distributions have been used in weather generators to estimate non-zero precipitation
amount. Most common and simple is the exponential distribution where only one
parameter � is needed.

f (x) =
1
�

exp
�

� x
�

�
(2.15)

Average precipitation in equation 2.15 is � and variance � 2 = � 2. Comparatively
complicated distributions such as gamma distribution (Equation 2.16) (with two
parameters: the shape parameter� and scale parameter� and gamma function �
evaluated at � . With distribution mean � = �� and variance� 2 = �� 2) and variant
of exponential distribution (Equation 2.17) are also used for precipitation amount
estimation. The probability density function of the two distribut ions are:

f (x) =
(x=� ) � � 1exp[� x=� ]

� �( � )
(2.16)

f (x) =
�
� 1

exp
�

� x
� 1

�
+

1 � �
� 2

exp
�

� x
� 2

�
(2.17)

Equation 2.17 indicates a combination of two exponential distributions with re-
spective means of� 1 and � 2. Third parameter � is called mixing parameter. First
exponential distribution generates precipitation amount with probabi lity � and the
second one with 1� � . The distribution has mean � = �� 1 + (1 � � )� 2 and variance
� 2 = �� 2

1 +(1 � � )� 2
2 + � (1 � � )( � 1 � � 2)2) (�rst suggested by Woolhiser and Pegram

(1979)). Although the mixed distribution is rarely used, it has been showed that it
provides substantially better overall �ts to daily precipitation data than the gamma
distribution (e.g. Wilks (1998) and Foufoula-Georgiou and Lettenmaier(1987)).

The major disadvantage of WGs is that they are conditioned using local climate
relationships and so may not be automatically applicable in other climates. They
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Figure 2.3.: Flow charts of precipitation occurrence process in weather generators
using (a)Markov chain and (b) Spell length procedures (D.S.Wilks and
R.L.Wilby , 1999)

also tend to underestimate inter-annual variability ( Fowler et al. (2007)). Further, for
future climate scenario studies it needs arbitrary adjustment inparameters. Changes
in precipitation occurrence parameters may have unanticipated e�ects on other vari-
ables as well.

2.2.2.4. Analog Method

The idea of Analog downscaling is comparatively simple. The method ismore ap-
plied in weather forecasting than in statistical downscaling of large scale variables.
There are very few published examples of usage of analog method as a downscal-
ing tool.Zorita et al. (1995), Cubasch et al. (1996) and Biau et al. (1999) are few
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of the examples. The main idea of analog downscaling methodology is that similar
general circulation patterns should provide similar local e�ects (Obled et al., 2002).
Major task then in analog downscaling is to search for best analog of the given day
in the historical archive and associate the corresponding reaction of that circulation
pattern to given day's circulation pattern. Di�erent similarity m easures can be used
to search for the best analog.E.N.Lorenz (1969) lists the following assumptions for
analog search approach:

1. that there have been synoptic situations in the past that were not necessarily
identical but similar to the current one for which a forecast is required

2. that during such situations, local variables, such as precipitationover a medium-
sized mountain catchment, react partly in response to the synoptic situation,
but also to more local features (e.g. orography, wind channeling, etc. )

3. that for this given day, the part explained by regional circulation wil l be similar
to that observed in analogous situations.

The analog search and application of adopted analog are diagrammatically shown
in �gure 2.4 and �gure 2.5. Given the synoptic patterns characterizing current day,
the most similar past situations are looked up in comparatively long meteorological
archive and a subset of analog is extracted. Assuming that precipitationamounts are
the predictants of the downscaling process undertaken, for everyday of this analog
subset, the rainfall amounts collected over the speci�c catchmentfor these particular
days are extracted from a hydrological archive. The resulting amounts provides an
empirical sample of the amounts of rain for the current day's characteristic synoptic
pattern. Any appropriate theoretical distribution can �nally be �tted to the ex-
tracted amounts and a probabilistic forecast could be made. It should be noted that
the process can be performed for the current day for which the synoptic patterns are
either observed values or are simulated by GCM/RCM.

Often reported drawback of use of analog method for downscaling is the need of
long homogeneous record of the large and local scale variables. It has been reported
that due to the number of degrees of freedom of the large-scale atmospheric circula-
tion, several thousand years of recorded data would be needed for �ndingappropriate
analog. But it has been shown that using di�erent statistical tools (e.g. empirical
orthogonal analysis EOF) most of the degree of freedoms can be reduced as they
are associated with background noise in the data and hence in comparatively shorter
available records, analogs could be found.
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2. Downscaling

Figure 2.4.: Step one of analog search processObled et al. (2002)

 

Figure 2.5.: Step two of analog search processObled et al. (2002)
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2.2. Downscaling

2.2.2.5. Weather typing

The basic idea of weather typing or classi�cation is simple. Atmospheric circulations
are classi�ed in several classes using di�erent schemes and criterions and a pool
of historical observations is distributed into these de�ned classes. For downscaling
purposes, atmospheric circulations simulated by GCMs are classi�edinto the classes
de�ned earlier. To each observed circulation there exists a simultaneous observation
of the local variable, which could be assigned to the simulated circulation either as:

1. an average of all regional observations simultaneous to the elements of that
class

2. or only the regional observations simultaneous toone element of the class,
selected at random.

The choice among the two options depend upon the problem at hand. In case of
simulation of daily rainfall, opting for case 1 above will in general lead toan under-
estimation of the local rainfall variance and extreme events. The rainfall probability
distribution may also be di�erent than the observed one. On the other hand, aver-
aging over several elements of the class will �lter out more e�ectively measurement
errors at that station. Important aspect of weather typing is the methodology of
classi�cation employed for identi�cation of classes. The classi�cation can be subjec-
tive or objective.

The typical example of subjective classi�cation schemes is the traditional Gross-
wetterlagen classi�cation of the German Weather Service for the Western Europe
North Atlantic sector ( Zorita and von Storch, 1999). This classi�cation has been used
for downscaling purposes byB�ardossy and Plate (1992). Based on local expertise
weather typing procedures have been developed by many national weather services
for their particular regions. Subjective schemes ofSchuepp(1953) for Switzerland
and Lamb (1972) classi�cation for the British Isles are the most important ones.
Local surface variables, typically precipitation, are conditioned on daily weather
patterns by deriving conditional probability distributions for obse rved statistics, e.g.
p(wet-wet) or mean wet day amount, associated with a given atmospheric circula-
tion. Climate change is estimated by evaluating the change in the frequency of the
weather classes simulated by the GCM. The method assumes that the characteristics
of the weather classes will not change (Fowler et al., 2007).

Depending upon the methodology employed for classi�cation, objective classi�ca-
tion can technically become quite complicated. Three major schemesof objective
classi�cation are:

1. classi�cations that only depend upon large scale circulation area

2. classi�cations that depend only on local scale variables

3. classi�cations that make use of both large scale and local scale variables

X.Cheng and Wallace(1993), used cluster analysis for classi�cation of atmospheric
circulation which is a typical example of �rst and second class of objective classi�-
cation. In the �rst case the classes of the large-scale circulation are given directly
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2. Downscaling

by the analysis. In the second case the elements of the large-scale circulation class
are de�ned as the simultaneous circulation to each element of the localclimate class.
This second method has the advantage that the resulting large-scale classes should
really correspond to di�erent local situations, which is not necessarily the case in a
classi�cation based only on the large-scale patterns (Zorita and von Storch, 1999).
Classi�cations that make use of both large scale and local scale variables are com-
paratively more complicated. Classi�cation and regression trees (CART) used by
Breimann et al. (1984), used for simulation of local daily rainfall is one example of
this class. However, comparing with the �rst two categories it needsmore computer
resources.

2.2.2.6. Short comings of statistical downscaling

The major theoretical weakness of statistical downscaling methods is that their basic
assumption is often not veri�able, i.e. that the statistical relations hips developed
for present day climate also hold under the di�erent forcing conditions of possible
future climates. Another caveat is that these empirically based techniques cannot
account for possible systematic changes in regional forcing conditions or feedback
processes. Long and reliable observed time series of predictant variable is required for
estimation of reliable relationship between predictor and predictant. As is the case in
RCMs, statistical downscaling methods are also a�ected by the biases in underlying
GCM. some statistical downscaling techniques e.g. transfer function approaches and
weather typing approaches su�er from under prediction of temporal variability.
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3. Methodology

3.1. Preface

This dissertation employs statistical downscaling methodology to downscale large
scale meteorological variable to local scale. Large scale variables (e.g. sea level
pressure, geo-potential height etc.) are classi�ed into certain groups representing
di�erent meteorological situations. These di�erent meteorological situations are as-
sociated with di�erent local scale variable's (e.g. precipitation, temperature etc.)
reactions. The Weather typing approach of statistical downscaling was introduced
in Chapter 2 (2.2.2.5), where di�erent types of classi�cation techniques, namely the
subjective and objective classi�cation, were presented. A fuzzyrule based objective
classi�cation method is used here to classify large scale circulationpatterns (CPs).
The fuzzy rule based classi�cation system was developed byB�ardossy et al. (2002).
The methodology is further developed in this dissertation to achieve a classi�cation
scheme that is representative of not only 
oods but droughts as well.

This chapter will present the methodology that is employed in fuzzy rule based
classi�cation of large scale circulation patterns and is followed by the developments
made in the methodology. This chapter will also present the two statistical downscal-
ing methodologies which make use of the improved classi�cation system of critical
circulation patterns explained in the �rst part of the chapter.

3.2. Fuzzy rule based classi�cation of large scale circulation
patterns

This type of classi�cation of large scale circulation patterns is based on the concept
of fuzzy sets de�ned byZadeh(1965). Fuzzy logic works with imprecise/inconclusive
statements and attempts to deduce meaning from them by assigning a membership
function to each variable involved in a set. The membership function provides a
measure to represent the degree up to which certain members of a set belongs to
that set. It can be recalled that in conventional set theory a certain variable either
belongs to a set or it does not. Detailed methodology of fuzzy rule based classi�ca-
tion is presented in B�ardossy et al. (2002); here only a brief necessary background is
presented.

The objective classi�cation and optimization system necessarily consist of three
steps;

1. Transformation of data

2. De�nition of fuzzy rules for large scale circulation patterns
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3. Methodology

3. Classi�cation

Assuming that we have certain large scale predictor data available overa regular
grid in daily resolution, the �rst step is to normalize the data by calc ulating anomalies
at each grid point i :

g(i; t ) =
h(i; t ) � h(i; t )

s(i; t )
(3.1)

Where g(i,t) is the normalized anomaly vector of the large scale predictor datah(i,t) ,
with a mean and standard deviation of h(i; t ) and s(i,t) , respectively, for grid point
i and time t.

B�ardossy et al. (2002) describes the fuzzy rules as more or less the same as classical
expression based on logical operators except that in fuzzy rules the consequence and
its opposite may both be \true" to a certain degree. Before the actual classi�cation
is performed, however, fuzzy rules of the type IF, THEN, ELSE are described �rst.
The classi�cation is then done by �nding the most appropriate rule for t he selected
object (in this case, the calculated strength of daily anomalies). Dailyanomalies are
divided in following �ve classes:

1. Large positive

2. Medium positive

3. Medium negative

4. Large negative

5. Irrelevant

As the names would suggest, the �rst four describe the anomaly strength atany
given location on the regular grid, while the last one de�nes the anomaly that does
not make much impact on the class as such. A typical fuzzy rule for a certain large
scale circulation pattern would thus resemble the following:

IF ( AT LEAST A FEW of the locations (from all available location s) have very
low pressure anomalies) AND (MOST OF the locations (from all available
locations) have medium low pressure anomalies) AND (MOST OF thelocations
(from all available locations) have medium high pressure anomalies) AND ( AT
LEAST A FEW of the locations (from all available locations) have very high
pressure anomalies) THEN the CP is i.

Thus a CP k on a day can be described as a vector that contains index values from 1
to 5, corresponding to anomaly strength at each grid pointi, v(k) = (v(1,k),...v(I,k)) .
The rule system for all CPs can thus be represented by the matrixV as:

V =

0

B
B
B
B
@

v(1; 1) � � � v(I; 1)
� � �
� � �
� � �

v(1; K ) � � � v(I; K )

1

C
C
C
C
A

(3.2)
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3.2. Fuzzy rule based classi�cation of large scale circulation patterns

Once the data transformation and fuzzy rule development is performed, the days
are classi�ed as belonging to distinct circulation patterns by calculating the degree
of ful�llment (DOF) for each rule:

DOF (k; t ) =
4X

m=1

0

@ 1
Nk;m

X

v(i;k )= m

� m (g(i; t ))pm

1

A

(1=pm )

(3.3)

Assuming that fuzzy rules are developed such that there arem classes, thenNk;m

is the number of grid points that are assigned to each class in rulek. � m is the mem-
bership function of the anomalies corresponding to de�ned strength ofanomalies,
and pm is used for taking care of small di�erences in calculation of exact location of
the anomalies. The rule which obtains the highest value ofDOF(k,t) is selected as
governing CP for day t.

The fuzzy rule based classi�cation was developed for downscaling theclimate vari-
ables of precipitation and temperature. Circulation patterns were classi�ed in num-
ber of di�erent classes and based upon certain statistics, indicatorsand formulation
of objective functions; critical circulation patterns (CPs) were distinguished from
normal CPs. The indicators were developed keeping in mind the objective of the
study, in most cases being 
oods. Hence a precipitation and temperature based clas-
si�cation was used for 
ood producing CPs. The methodology was further developed
by B�ardossy and Filiz (2005) where, instead of precipitation, discharge was used to
identify critical circulation patterns related to 
oods. The dail y discharge time series
was changed to a daily positive discharge increment series with a 1 day lag and used
as the predictant. The idea behind using discharge based with a 1 day lag was to
better capture the reaction of the catchment, as higher discharge may result because
of precipitation that had occurred a day earlier. Hence the delayed reaction time
of the catchment is attempted to be captured using this methodology. The daily
discharge data set is �rst changed to discharge di�erences on 1 day lag (� Q), and a
new variable Z(t) is used to classify large scale variable with:

Z (t) =

(
� Q(t); if � Q(t) > 0;

0; otherwise:
(3.4)

The optimal rules were obtained in B�ardossy et al. (2002) who introduced the
following two objective functions: one related to the occurrenceof days with a large
positive discharge increment (Equation3.5), and second, related to the amount of
discharge increment (Equation3.6) as follows:

O1 =
SX

s=1

vu
u
t 1

T

TX

t=1

(p(z0(CP(t) = i )) � pz0 )2 (3.5)

O2 =
SX

s=1

1
T

TX

t=1

�
�
�z(CP(t) = i )z � 1

�
�
� (3.6)
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p is the probability of an increase in discharge, exceeding thresholdz0 on a certain
day, while p(z(CP(t)=i)) is the same probability but conditioned upon the occur-
rence of CPi on day t. In the second equation,z is the mean increase of discharge
increment amount on a certain day, whilez(CP(t) = i ) is the same amount but con-
ditioned upon the occurrence of CPi on day t. Both Equation 3.5 and Equation 3.6
are summed over all the gauge stationsS. Both of these objective functions would
result in higher values if the relative increase in occurrence andamount of discharge
increment given certain CP classi�cation, is large than it is when no classi�cation is
considered at all. Both the objective functions are added to one objective function
(with a possibility of giving di�erent weights to each one, depending upon the need)
and maximized with the help of a simulated annealing algorithm.

Above methodology was developed to obtain a classi�cation that explains and
identi�es critical circulation patterns related to extreme 
ood events. Droughts are
another extreme manifestation of a hydrological system that need to be considered
in relation to large scale circulation pattern classi�cation as well as downscaling.
Floods are associated with certain meteorological and hydrological situations (fre-
quent heavy rainfall, antecedent conditions, glacial melt) to which approximate de-
grees of certainty can be ascribed. Droughts, on the other hand, are associated with
conditions which are di�cult to predict. The time scales involved for these two ex-
tremes are very di�erent in that 
oods could occur after a few hours of consistent
heavy rainfall and pass through certain area within hours, whereas droughts are char-
acterized by slow onset and unclear end. Thus bringing with them the impacts which
are spread over larger geographical areas. Therefore droughts are rightly considered
to be the most complex and least understood hydrological phenomenon of the two.
In the following, two methodologies are presented for large scale circulation pattern
classi�cation that are hoped to give a more robust classi�cation of large scalecircula-
tion patterns. The aim of the classi�cation is to achieve a single classi�cation system
that gives distinct \critical" circulation patterns both for 
oods and droughts.

3.2.1. Low discharge based objective function

Low 
ow based objective function, as the name suggests, is based again on daily
river discharge increments/decrements but instead of working with the discharge in-
crements values above certain threshold value (like 95th percentile value), here, limits
on the probability distribution function of the discharge increment s/decrements are
used. As explained in the previous section, daily discharge values recorded at certain
gauge stations can not be directly linked with atmospheric circulation. For a selected
day, the river discharge amount is the function of several processesthat include base-

ow, inter
ow, antecedent soil moisture content and glaciel melt, etc. Hence, if a
higher discharge has been recorded on a day at certain locationx1 this may prob-
ably be because of heavy precipitation occurring at locationx2 or glacier melting
at x3 due to higher temperatures . Therefore it might not be appropriate to relate
the high discharge at locationx1 with 
ood producing large scale circulation pattern.

While discharge at a certain location x1 and time t1 can not be directly linked
with the corresponding large scale active circulation pattern at the same time t1, it
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3.2. Fuzzy rule based classi�cation of large scale circulation patterns

can, however, be written as a function of precipitation, which can bedirectly linked
to atmospheric circulation. Hence, if for a certain catchmentA the lag time � t is
known then the discharge can be written as:

Q(t) =
Z t

t � � t

Z

A
h(P(x; t ))dxdt + KQ (t � 1) (3.7)

where h is the rainfall-runo� transformation process, K represents memory of the
discharge and is constant (usually equal to 1),Q(t) is the discharge amount at time
t of catchment A which understandably is a function of precipitation P at certain
location x. Discharge di�erence series can thus be formulated as:

� Q(t) = Q(t) � Q(t � 1) =
Z t

t � � t

Z

A
h(P(x; t ))dxdt � (1 � K )Q(t � 1) (3.8)

Equation 3.8 represents daily discharge increments and is strongly related to the
precipitation. It is very small for dry periods, positive for incre asing limb of hy-
drograph and negative right after the 
ood wave. Figure 3.1 shows the discharge,
discharge increment/decrement and positive discharge increment series for gauge
station Ettlingen at Alb catchment in southern Germany for year 1982. It can be
seen that the discharge increment/decrement series is closely related to precipitation.
From this the following objective functions can thus be formulated:

O3 =
1
T

TX

t=1

�
�
�
� log

dQ+ (CP(t))
�dQ+

�
�
�
� (3.9)

dQ+ (t) is the positive values of discharge increment series. This value is closely re-
lated to precipitation and increases as precipitation amountdQ+ (t) = max(0 ; dQ(t))
increases. As mentioned earlier, this condition although is true, it is not always
necessarily the case . Since discharge may increase due to other reasons. Di�erent
pre-event conditions stimulate di�erent catchment reactions from the same precipi-
tation event. Thus the second objective function to be de�ned takesin to account
the occurrence of positive discharge increments as follows:

O4 =
1
T

TX

t=1

(pdQ+ (CP(t)) � �pdQ+ )2 (3.10)

Within the time period T, this objective function when maximized using opti-
mization algorithms, will maximize the di�erence between CP conditioned relative
frequency ofdQ+ (t) > 0 (pdQ+ (CP(t)) i at station i ) and the unconditional relative
frequency �pdQ+ of a day with dQ+ (t) > 0 for all days.

For dry periods, the classi�cation based on an objective function related with small
discharge changes is presented. While the large positive discharge increment time
series of a river indicates large amount of precipitation in the area, small discharge
changes indicate the dry period in the river's catchment system.Additionally large
positive discharge changes in regulated rivers can be misleading, as they might well
be an anthropogenic change in the river discharge. Referring to the time series of
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Figure 3.1.: Daily discharge (thick solid black line), discharge increment/decrement
on 1 day lag (thick dashed black line), positive part of discharge incre-
ment on 1 day lag (thick solid gray line) and daily precipitation (thin
gray solid lines) for Alb catchment for year 1982

discharge, discharge increment/decrement and positive part of discharge increment
in Figure 3.1, one can see that most of the time series consist of small discharge
changes, and they change to large changes only when there is additional waterintro-
duced in to the system. Hence the \equilibrium" state of the time series is disturbed
either by additional precipitation coming from the atmosphere and/or from any river
regulation authority managing the 
ow in the rivers. Hence, the extreme increase
and decrease in the time series of discharge increment/decrement,displayed by curve
in Figure 3.1 is speci�c to each river. This is because topography, land use, natureof
catchment drained by the river, and antecedent state of the river plays an important
role also. Small discharge changes, on the other hand, are always related to the dry
state of atmosphere, that is independent of the catchment properties. Thus we can
establish a mathematical link between discharge and the dry state of atmosphere
by considering an objective function for classi�cation of circulation patterns that is
based on low 
ow or small discharge changes.

The dry state of atmosphere can thus be represented by an indicatorI dQ(t):

I dQ� 0(t) =
�

1 if pmin � FdQ(dQ(t)) � pmax

0 else
(3.11)
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Figure 3.2.: Daily discharge di�erence series on 1 day lag (thick solidblack line) along
with the two limits (thick solid gray lines) representing the \e quilibrium"
state of Alb catchment for year 1982

Where FdQ is the probability distribution function of the discharge di�erenc es.
The equilibrium state of the catchment is represented by the limits pmin and pmax

which are de�ned as 0 < p min < p max < 1. Two conditions must be considered
regarding the selection ofpmin and pmax :

1. No major 
ood should have occurred/included between these limits

2. All non-natural discharge increments (or decrements) must remain in the in-
terval [F � 1

dQ (pmin ); F � 1
dQ (pmax )]

A choice of pmax = 0 :75 and pmin = 0 :25 can be used if no speci�c informa-
tion on discharge regulations is available. Figure3.2 displays the discharge incre-
ment/decrement time series for 1982 of the Alb catchment along with the limits for
the low discharge changes corresponding topmax = 0 :85 and pmin = 0 :20.

The third objective function based on discharge can thus be written as:

O5 =
1
T

TX

t=1

(pI dQ � 0 (CP(t)) � �pI dQ � 0 )2 (3.12)
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3.2.2. An objective function based on a cluster of precipitation stations

One potential problem with the optimization of the objective function s of the type
presented in Equations3.5 and 3.6, is that the shape of objective function obtained
from them is extremely irregular. This might make it di�cult for the optimization
algorithm to reach to a global maximum (or minimum). It is especially tru e in case
the algorithm attempts to optimize the objective function for each individual gauge
station involved. An objective function with less irregular shape mayresult in better
classi�cation. Areal precipitation ( zA (t)) is one variable that can used instead of
point precipitation. For a certain catchment A, the objective function based on areal
precipitation ( zA (t)) can be written as:

O6 =
1
T

TX

t=1

�
�
�
� log

zA (CP(t)) i

�zA i

�
�
�
� (3.13)

Where

zA (t) =
Z

A
z(x; t ) dx

Large scale critical circulation patterns by de�nition a�ect larger areas. If a wet
CP is considered then the area a�ected by it, in terms of amount of precipitation
received, should be large. Some isolated precipitation events, although important,
may not necessarily be because of a large scale circulation pattern and may just
instead be a local phenomenon. Thus, an objective function should be developed to
take into consideration total precipitation that is encompassed in a certain area by
a certain rainfall event. This objective function should also not be a�ected by the
high skewness of precipitation amounts. For a certain catchment, the ratio of wet
precipitation stations (precipitation greater than certain threshold amount) to total
precipitation stations in a neighborhood � is calculated and used in th e objective
function as:

C� (t) =
# f x i

�
�
� x i 2 � , z(x i ; t) > 0g

# f x i

�
�
� x i 2 � g

(3.14)

O7(� ) =

vu
u
t 1

T

TX

t=1

(pC (CP(t)) i � �pC i )2 (3.15)

Where # is the total number of elements in a set of precipitation stations,pC (CP(t)) i

is the relative frequency of the coverage exceeding a selected threshold � on a day
with given CP at station i and �pC i is the relative frequency of a day with coverage
exceeding 0� � < 1 for all days without classi�cation and within the time period T.

Wet and dry conditions in the catchment can be captured using the above objective
condition by manipulating the value of � in Equation 3.15. If � = 0, the objective
function then helps to identify situations where no precipitation in the neighborhood
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� is found; this indicates prevailing dry situations. Alternativel y, if � is close to
1, the objective function helps to identify situations where precipitation is found in
whole of the neighborhood �; this indicates then very wet situations . Thus, the
combination such asO4 = O4(0) + O4(0:999) provides an objective function that
might lead to CPs corresponding to very wet and very dry situations.

3.3. Statistical downscaling of precipitation

Chapter 2 presented the need for downscaling of large scale variables from large scale
to local scale. Di�erent methodologies employed in downscaling were also presented,
namely, statistical downscaling (2.2.2) and dynamical downscaling (2.2.1) along with
the di�erent procedures for each methodology. The initial part of thi s chapter pre-
sented the methodology for achieving a set of circulation patterns which describe as a
whole the weather situation in a certain study area with emphasis on identifying crit-
ical circulation patterns related to 
oods and droughts. In this section, the statistical
downscaling approach, based on the classi�cation obtained from methodologyin the
�rst part, is presented. Two statistical downscaling methodologies are explained; one
is based onB�ardossy and Plate (1992) and the PhD dissertation of Yang (2007), and
the other methodology concerns the downscaling from RCM generated datausing
CP based quantile-quantile exchange of precipitation amounts for bias correction.

3.3.1. Statistical downscaling based on the conditional multivariate
downscaling approach

The statistical downscaling is based upon multivariate autoregressive model, param-
eters of which depend upon atmospheric circulation pattern. Using this downscaling
technique daily rainfall is modeled such that the spatial and temporaldependence of
the original time series is maintained in the modeled time series.The spatial depen-
dence is the model is captured by spatial covariance matrices. Temporal dependence
in the model is captured by logistic regression technique which uses combined term of
moisture 
ux (geostrophic wind and speci�c humidity) as regressor. In the following
the components of model (occurrence model, amount model and spatial dependence
structure) are brie
y described.

Precipitation occurrence is modeled using logistic regression. Moisture 
ux (MF)
is used as a predictor in the logistic regression equation. In previousstudies, oc-
currence of precipitation was tied only to occurrence or non-occurrence of certain
circulation patterns. Although precipitation occurrence probabilit ies achieved only
from coupling of circulation patterns did provide reasonable results, they did result in
a static model. Precipitation occurrence not only depends upon weather state, rep-
resented by circulation patterns, but also on multitude of other continuous variables.
Moisture 
ux is thus used as an additional parameter and predictor in the logistic
regression equation with rainfall probability as predictant. Moisture 
ux is supposed
to catch within-type dynamic variability during classi�cation of ci rculation patterns.
It is a combined term achieved from geostrophic wind (summation of bothu and
v components of wind �eld) and speci�c humidity (sh). The moisture 
 ux is thus
supposed to describe the amount of water vapor transported by the wind in or out
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of the selected area, and, consequently, in
uences the occurrence or non-occurrence
of precipitation.

MF (x; t ) = ( u(x,t) + v(x,t) ) :sh(x; t ) (3.16)

All the terms are for certain location x and time t. The logistic regression is de�ned
as:

y(x; t ) =
1

1 + exp(b0(x; t ) + b1(x; t ):MF 1(x; t ) + b2(x; t ):MF 2(x; t ) + ::: + bk (x; t ):MF k (x; t ))
(3.17)

b0; b1:::bk are the parameters of the logistic regression equation and MF's are the
moisture 
ux values considered for for locationx and time t. They are approximated
using fourier series.

b0(t � ) =
a0(i; x )

2
+

KX

k=1

(ak (i; u )cos(kwt � ) + bk (i; u )sin (kwt � )) (3.18)

and

b1(t � ) =
c0(i; x )

2
+

KX

k=1

(ck (i; u )cos(kwt � ) + dk (i; u )sin (kwt � )) (3.19)

ak , bk , ck and dk are the coe�cients of harmonics of fourier series,b0 and b1 are the
approximated parameters of the regression equation,i is the CP, x is the location,
K is the total number of precipitation stations and t � is the julian day of the year.

The precipitation amount distribution is highly skewed and unlike precipitation
occurrence, which is modeled as discrete process, is a continuous process. Di�erent
probability distribution models have been used for the simulation of precipitation
amounts e.g. weibull, transformed normal and gamma distribution. The exponential
distribution model is used here for the precipitation amount process. For a certain
variable value x,its probability density function can be written as:

f (x) = �:exp (� �:x ) (3.20)

Where x and � are always greater than 0 . � is the parameter of exponential
distribution controlling the shape of distribution function and is e stimated using the
maximum likelihood estimator.

L (� ) =
X

Z (t;u )� Z0

(� (t; u):x) +
X

Z (t;u )>Z 0

(ln� (t; u) � � (t; u):x) (3.21)

� (t; u) =
1

� 0(t � ; u) + a:MF
(3.22)

where Z (t; u) is daily precipitation amount at time t and location u and � 0(t � ; u)
is the expectation of precipitation on the julian day t � .
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The spatial structure of precipitation is taken care of by using spatial covariance
and auto-correlation. Instead of calculating the two measures directlyfrom precipi-
tation values, a binary indicator variable based on certain threshold value is used to
regionalize the precipitation in certain catchment.

I (u; z) =

(
1; if z(u) � z;

0; otherwise:
(3.23)

z(u) is the precipitation amount at certain location u and z is the cuto� cor-
responding to the conditional cumulative distribution of the precipitation amount.
I (u; z) is thus a binary variable which is used in the subsequent calculation of � 0i , the
spatial covariance matrix, and � 1i , the space-time covariance for one day lag. Both
� 0i and � 1i are calculated independently for each CP considered in the classi�cation
system.

� 0i (t � ) = E
h�

W (t) � wi (t � )
��

W T (t) � wT
i (t � )

�i
(3.24)

� 1i (t � ) = E
h�

W (t � 1) � wi (t � � 1)
��

W T (t) � wT
i (t � )

�i
(3.25)

Auto-correlation factor r (t � ) links � 0i and � 1i as:

r (t � ) =
� 1i (t � )
� 0i (t � )

(3.26)

The spatial structure of rainfall is described using Equation3.27, where parameters
pi and qi depend upon circulation pattern i and the day t � of the year.

cov[Wx (t � ; u); Wy(t � ; u)] i (t) = Pi (t � )e� h(x;y )qi (t � ) (3.27)

Where h(x; y) is the distance between two considered stationsx and y. Finally
precipitation series is generated for each day using:

W (t; u) = r (t � )(W (t � 1; u) + Ci (t � ) (t) (3.28)

Where  (t) is the random number of independentN (0; 1) random variables. A
vector  (t) can also be used to generate multiple realizations of precipitation foreach
day. Ci (t � ) matrix takes spatial variability of the process into account and is related
to W(t) through Equations 3.24 and 3.25 by:

Ci (t � )CT
i (t � ) = � 0i (t � ) � � 1i (t � )� � 1

0i (t � )� T
1i (t

� ) (3.29)

Using the relation in Equation 3.26, one could reach

Ci (t � )CT
i (t � ) = (1 � r 2(t � ))� 0i (t � ) (3.30)

The decomposition ofCi (t � )CT
i (t � ) is detailed in B�ardossy and Plate (1992).
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3.3.2. Statistical downscaling based on quantile-quantile bias correc tion
approach

The second statistical downscaling approach is based on the bias correction of re-
gional climate models (RCM) output using quantile-quantile correction. Chapter
2 introduced dynamical downscaling and Section 2.2.1.1, speci�cally, penned the
drawbacks of the use of regional climate models as a downscaling tool. One of
the shortcomings of RCM is the transfer of bias from the global circulation model
(GCM),through which the bias present in the GCM generated data is systematically
transferred to the underlying RCM.

Since GCMs are usually considered to yield unrealistic results onspatial scales
smaller than several grid cells, there is in general little con�dence in the simulated,
regional-scale climate variability. In particular, the regional precipitation in the mod-
els is discounted, because precipitation can be strongly in
uencedby subgrid-scale
processes, some of which are parameterized while others, such as details of the land-
water distribution or topography, are not represented at all (Widmann et al., 2003).
RCMs downscale the GCM provided data to the local scale assuming that the at-
mospheric variability on small spatial scale is conditioned by larger scales. Even if
RCMs improve the realism of simulated regional climate properties, some important
biases may still exist, especially concerning precipitation thatneed to be corrected
(A.W.Wood et al. , 2004). Houghton et al. (2001) mentions that GCMs display area-
average biases that are highly variable from region to region and among models,with
sub-continental area averaged seasonal temperatures biases typicallywithin 4 � C and
precipitation biases mostly between -40% and +80% of observations. RCMs on the
other hand while improving upon the spatial detail of simulated climate compared
to GCMs show area-averaged temprature biases generally within 2� C and precipi-
tation biases within 50% of observations. Nonetheless, RCMs are useful inimpact
studies whereby upon subjection of di�erent forcings (approximation of patterns of
development in future world and associated green house emission scenarios) they can
provide useful insight in to the future projected climates. This particular property of
RCM make them an important and necessary tool in climate change impact studies.
Regarding their inadequency in simulation of di�erent climatic vari ables, di�erent
statistical techniques can be applied to correct them.Michel (2007) proposes classes
of correcting techinques that could be applied to outcomes of RCMs. Considering
the output from the RCM model as M and some reference value asR, one can write
the impact I as the di�erence of the two:

I = M � R (3.31)

Given that M is provided (in most cases) by RCM and, as discussed earlier, that
RCM inherit bias from GCMs, I would include that bias as well. Di�erent statisti-
cal methods can be employed to bring the inherit bias in RCMs to some reasonable
acceptable levels and thus giving more value to theI .

1. The delta method: In this method the terms M and R in Equation 3.31
(both can be considered as daily values), are replaced byO + (M � R) and O,
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respectively. WhereO is an equivalent series of (daily) observation data and
represents a multi-annual average operator. This method of bias correction,

although being very robust, assumes the availability of daily data. It also as-
sumes that the climate variability is unchanged in the scenario projection.

2. The unbiasing method: The terms M and R in Equation 3.31 (both can be
considered as daily values), are replaced byM + (O � R) and R + (O � R), re-
spectively. This method although does corrects the mean error, it does assume
that the variability of the RCM is good.

3. The regime method: Here the terms M and R in Equation 3.31 (both can
be considered as daily values), are replaced byO(d2) and O(d1), respectively.
d1 and d2 are dates chosen in the observation dataset. This method is also
employed in cluster and analogue techniques. The drawback of this method
is that, although it can change the frequency of the di�erent meteorological
events, it can not produce events that are not recorded. It is also not avery
suitable method when working with extremely high temperatures orextremely
high precipitation events.

The method used here is a CP based quantile-quantile exchange of RCMgenerated
precipitation amounts in control runs with that of observed time periods. Hence it
is a variable correction method that compares quantiles between two data sets. The
terms M and R in Equation 3.31 are equated tof (M (d)jO) and f (R(d)jO), respec-
tively. This way it is assumed that RCM is able to predict the ranked category of
precipitation but not the actual value of precipitation. In other words t he qualitative
forecast/prediction of RCM can be trusted but not the quantitative part of that fore-
cast/prediction. That is why there is the need of correcting that quantitative part
of RCM, which in this case is the precipitation amount on the wet days. The precip-
itation distribution generated by RCM (control runs) is related to th e precipitation
distribution of the observed time series for the same time period.The precipitation
amounts are corrected in control time periods of RCMs and for future scenarios the
quantiles from control periods are used. This way, the downscaled precipitation sig-
nal becomes similar to the RCM generated signal and the bias is corrected. The
downscaling process can be written as:

ZD (x; t ) = F � 1
O (FR (ZR (x; t ); x); x) (3.32)

Where ZR (x; t ) is the precipitation at location x and day t simulated by the RCM,
ZO(x; t ) is the observed precipitation at location x and day t available for t � TO .
FO(z; x) is the distribution function of the observed precipitation amounts at location
x while the corresponding RCM precipitation distribution for the con trol climate run
is FR (z; x).

This kind of transformation ensures that if control period and observation period
are identical and the model is able to reproduces the observations perfectly then:

ZD (x; t ) = ZO(x; t ) (3.33)
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else one can at least assume that

FO(z; x) = FD (z; x) (3.34)

The transformation can be applied either universally without any addedconditions
on days, seasons etc., or for selected time periods (seasons) separately. The second
case would naturally be the ideal choice, since one can reproduce seasonspeci�c
precipitation phenomena in the downscaled precipitation series.For precipitation
distribution FO , the following choices could be considered.

The �rst is to use the empirical distribution function. This met hod has of course
the advantage that no distribution is needed to be �tted, but the possible critical
disadvantage could be that the maximum observed precipitation amount can not
be exceeded in the downscaled time series. The second possibility- which is a bit
tedious- is to assign to each location (precipitation station, or grid point) a proba-
bility describing the location/grid point experiencing a dry day and then �tting a
continuous distribution to amounts on the wet days. The problem of maximum pre-
cipitation in downscaled time series exceeding maximum observedin observational
time series can be overcome, though at the cost of selecting an appropriate distribu-
tion and estimating its parameters for each location/grid point.Di�eren t continuous
probability distributions can be used to �t to the amounts on wet days . Weibull
distribution is selected to be used in this thesis owing to itsrelative simplicity in
parameter estimation and its 
exibility.

Weibull distribution is a two parameter distribution function cl osely linked with
exponential and normal distribution. The two parameter Weibull probab ility density
function with parameters � and � > 0 is given by:

f X (x) =
�
�

� x
�

� (� � 1)
exp

h
� (

x
�

) �
i

(3.35)

for x > 0. For all other values the function equates to 0. The cumulative distribution
function for x > 0 can be written as:

FX (x) = 1 � exp
h
� (

x
�

) �
i

(3.36)

The scale parameter� controls the spread of the distribution, and the shape pa-
rameter � controls the form of the distribution. Weibull distribution is 
ex ible in
that at � value near 3.6, it closely approximates Gaussian distribution, while at�
equal to 0, it approximates exponential distribution (Figure 3.3).

The bias in RCMs predominantly comes from the underlying GCMs. GCMs are
known for not representing the e�ects of local scale phenomena suchas topography,
orography, near surface wind speed etc., in their simulations. On theother hand,
large scale variables such as sea level pressure and geopotential heightsare skillfully
simulated by GCMs. In the �rst section of this chapter, identi�cat ion of circula-
tion patterns was discussed based on sea level pressure. The circulation patterns
are believed to represent di�erent climatic conditions e�cient ly. The errors in RCM
simulations may come from di�erent sources and it is believed that introduction of
identi�ed circulation patterns in the development of relationship between control
period precipitation and observed precipitation, can bring physical meaning to and
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3.3. Statistical downscaling of precipitation

Figure 3.3.: Weibull probability density functions for di�erent val ues of � and �
(D.C.Montgomery and Runger, 2002)

potentially improve the downscaling procedure which is purelya statistical correc-
tion. The fact that the precipitation amounts corresponding to di�ere nt circulation
patterns might change di�erently in the future,is taken into accoun t in Equation
3.37. As non-stationary relationship is assumed between CPs and precipitation, the
precipitation amounts would change if CP characteristics are changed.

ZD (x; t ) = F � 1
O� (t )

�
FR� (t ) (ZR (x; t ); x); x

�
(3.37)

Where � (t) is the circulation pattern on day t for either the control or future runs
of RCM generated data sets.

This methodology of bias correction and development of new scenarios from RCM
data is applied to three di�erent regional climate models for precipitation and tem-
perature. RCMs used in this study are presented in the followingchapter. The
downscaled results and its application to regional hydrological model ispresented in
chapter 6 and Chapter 8 respectively.
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4. Catchments and Data

This chapter presents the information regarding the catchments and precipitation and
discharge stations therein, that are used in application of methodology presented in
the previous chapter. Sources and availability of data is also discussed.

4.1. Catchments & Data

Two major sets of data and catchments were used for application of the method-
ologies developed and explained in Chapter3. The �rst set of data was kindly
provided by the Federal Ministry of Education and Research (Bundesministerium
f•ur Bildung und Forschung, BMBF. ) funded project \Operational Disc harge and
Flooding Predictions in Head Catchments" (Operationelle Ab
uss- und Hochwasser-
vorhersage in Quellgebieten, OPAQUE). This set of data was used in development
of identi�cation of circulation patterns related with extreme hydrol ogical and mete-
orological situations and downscaling using circulation pattern based autoregressive
multivariate statistical method. The second set of data was kindly provided by Euro-
pean union (EU) funded 6th Framework program's project ENSEMBLES (contract
number: GOCE-CT-2003-505539). This set was primarily used for application of
identi�ed critical circulation patterns and statistical downscali ng of RCM data for
new scenario generation.

4.1.1. OPAQUE Catchments & Data

One of the task in OPAQUE project was to better represent the hydrology of four
important head catchments in di�erent parts of Germany. Given that he ad catch-
ments by de�nition have very short reaction time, it is important to have very precise
operational prediction system. In addition to have better understanding of the hy-
drology of head catchments, it is also very necessary for forecast purposes to have
very distinct set of critical circulation patterns based on which precise forecasts could
be made.

Four head catchments, three present in southern Germany and one in the east
were considered for identi�cation of critical circulation patterns. The location of the
catchments are shown in �gure4.1. The size (in Km2) of each catchment is included
in brackets.

Upper Danube catchment, mainly consist of two rivers Breg and Brigach that join
at Donaueschingen to make river Danube. Daily and hourly discharge data forthe
two rivers of Breg and Brigach, shown in Figure4.2, were provided from 1991 to 2006.
Daily precipitation data was also provided for over 100 precipitation stations in this
catchment with varying lengths of records. Table4.1 shows the precipitation stations
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4. Catchments and Data

Upper Danube (525 Km2) 

Iller (250 Km 2) 

Alb (150 Km2) 

Weisseritz (384 Km2) 

Figure 4.1.: Location and size of catchments under study in OPAQUE Project.

used in classi�cation and downscaling processes. These 7 stations were selected on
the basis of length of precipitation data associated with each station.

Upper Danube 
oods are usually caused by the simultaneous e�ect of intense rain
and snow melt in the Black forest region. The long-time average runo� at the gauge
Donaueschingen/Danube is 9 m3/sec. During the 
ood event of January 1995 the
peak runo� of the Danube in Donaueschingen reached 312 m3/sec, roughly equal to
50-year 
ood (Figure 4.3).

Table 4.1.: Selected precipitation stations of Upper Danube catchment.

X Y Alt. (m.a.s.l) Station ID Name

3478811 5304953 738 70194 Wellendingen
3436453 5307117 846 70204 Titisee
3440230 5310783 870 70206 Titisee-Langenordnac
3440153 5303372 818 70207 Lenzkirch
3451390 5305119 830 70208 Feldberg (Wst.)
3443947 5308892 928 70209 Friedenweiler
3450079 5297718 875 70210 Bondorf
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Figure 4.2.: Upper Danube catchment in detail.

  

Figure 4.3.: Daily average discharge (to the left) and 1995 
ood event discharge (to
the right) for River Breg (Black) and Brigarch (Gray). Daily average is
calculated from 1991-2006, excluding 
ood year 1995.
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Weisseritz catchment is another head catchment which was studied for extreme

ooding events. Weisseritz catchment is drained by two riverscalled Rote Weisseritz
and Wilde Weisseritz originating in the eastern ore mountains at the Czech-German
border close to Altenberg. The two branches join at the city of Freital to form the
United Weisseritz (Vereinigte Wei�eritz). Daily mean and monthly m ean discahrge
data for number of gauge stations was available for this catchment. The temporal
length of data varied from gauge station to gauge station. Daily precipitation station
data for 7 stations were provided from 1947 to 2006. The details of the precipitation
stations are provided in Table 4.2. The main 
ooding event in this catchment was
August 2002 
ood which was 100 year 
ood event and caused signi�cant damage to
property and life. The location of the rivers are shown in Figure4.4 while mean daily
discharge calculated for period 1971-2001 at location Freital and daily dischargefor

ooding year of 2002 at the same location are shown in Figure4.5.

Figure 4.4.: Weisseritz catchment in detail.

Table 4.2.: Selected precipitation stations of Weisseritz catchment

X Y Alt. (m.a.s.l) Station ID Name

5421640 5654650 114 41080 Dresden-hosterwitz
5411750 5623281 877 41135 Zinnwald
5406202 5641924 365 41242 Dippoldiswalde
5412504 5667779 227 41524 Dresden-Klotz.
5382836 5646108 380 42235 Freiberg
5394025 5619901 615 42351 Neuhausen
5391632 5618095 593 42354 Neuhausen-Erzbeg.
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Figure 4.5.: Daily average discharge (to the left) and 2002 
ood event discharge (to
the right) for all the rivers in Weisseritz catchment. Daily average is
calculated from 1971-2001.

Iller river is in Southwestern Germany. It is on German-Austrian border and is one
of the most important tributary to the German part of Danube. The highest point of
the catchment is at 3000 m.a.s.l while the lowest is at 650 m.a.s.l. Daily and sub-daily
data, both for precipitation and discharge was available for number of precipitation
and dischrage stations along the upper Iller river. The precipitationstations used for
classi�cation and downscaling purposes are tabulated in Table4.3. Iller has alpine
and sub-alpine 
ow regime with low 
ows in winter, medium 
ows in summer and
high 
ows during the snow melt season of spring. Among the number of 
oods that
have occurred in this river the most important one in terms of destruction and loss
of lives was the summer 
ood of May 1999. The peak discharge at gauge station
Kempton was 850 m3/sec (mean annual 
ow at gauge Kempten is 47 m3/sec). This
was 100 year 
ood event. The 
ood of August 2005 had a return period of 300-400
years (peak discharge at gauge station Kempton =900 m3/sec) but had signi�cantly
smaller associated losses because of the 
ood protection measures taken after 1999

ood.
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Figure 4.6.: Iller catchment in detail. Whole catchment is to the left and upper Iller
catchment to the right.(Left �gure courtesy of http://de.wikipedia.
org/wiki/Iller )

Table 4.3.: Selected precipitation stations of Iller catchment

X Y Alt. (m.a.s.l) Station ID Name

4369046 5245938 950 90215 Oberstdorf-Birgsau
4369947 5252498 810 90216 Oberstdorf
4369641 5259487 757 90226 Fischen
4371550 5265315 754 90233 Sonthofen
4378410 5262048 828 90243 Hindelang
4356042 5270527 745 90251 Oberstaufen
4365169 5269073 935 90252 Immenstadt (W •arterhaus)
4366367 5270219 731 90253 Immenstadt (Liststr.)
4380871 5284116 896 90254 Durach
4373961 5273264 865 90256 Rettenberg
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Figure 4.7.: Daily average discharge (to the left) and 1999 
ood event discharge (to
the right) of all the rivers in Iller catchment(gauge:Kempton). Daily
average is calculated from 1971-1991.
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Alb catchment is another head catchment studied for extreme hydrological condi-
tions in this study. Alb is to the west of Black forest in southern Germany. It has
its source in the northern black forest at about 750 m.a.s.l and leaves black forest
near Ettlingen entering into the Rhine valley. Daily discharge data at gauge station
Etllingen from 1980 to 2009 and daily precipitation for the stations Tabulated in Ta-
ble 4.4 from 1971 to 2009 was available for the forthcoming analysis of classi�cation
and downscaling. The major 
oods in this catchment were in 1995 and 1998 (Figure
4.8).

Table 4.4.: Selected precipitation stations of Alb catchment

X Y Alt. (m.a.s.l) Station ID Name

3524930 5357540 740 61314 Hohenstein
3461030 5392270 600 61373 Enzkloesterle
3446160 5391410 750 61377 Forbach
3466000 5401485 740 61485 Wildbad
3462750 5406450 717 61529 Dobel
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Figure 4.8.: Daily average precipitation and discharge ( in gray) and 1998 
oodevent
precipitation and discharge (in black) of river Alb . Averages are calcu-
lated from 1971-1995, excluding 
ood year 1998.

All the four catchments are small head catchments that are drained by small rivers
named above. All these rivers on its way either join or turn into some ofthe largest
rivers in Central Europe (Rhine, Danube, Elbe). Therefore its is very important
to understand the climatological conditions that result in large scale 
oods in these
head catchments. Given that there are huge population concentration alongthese
big rivers it becomes more important to identify the circulation pat terns that result
in extremely large 
oods and use that information for predicting futu re 
ows.

4.1.2. ENSEMBLES Catchments & Data

This set of data, in addition to analysis for extremes, was also used in application of
quantile-quantile basede bias correction of RCM data for downscaling purposes. The
data was kindly provided by EU funded project 6th Framework program's project
ENSEMBLES (contract number: GOCE-CT-2003-505539). The results presented
here are part of the results that were submitted to ENSEMBLES deliverable No.
D5.36 titled \Optimization of the objective drought CP classi�cation" and deliv-
erable No. D5.37 titled \Validation of critical CPs associated with hydrologi cal
extremes". The deliverables were submitted while working for research theme 5
(RT5) of the project. The aim of RT5 was to perform a comprehensive and inde-
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pendent evaluation of the performance of the ENSEMBLES simulation-prediction
system against analyses/observations, including the production of a high-resolution
observational dataset necessary to perform the task. The evaluation was supposed to
cover all spatial scales and seasonal to decadal timescales in an integratedway. The
evaluation was also supposed to be performed fully independently from the ENSEM-
BLES system and to consider processes and phenomena, forecast quality, extreme
events in observational and RCM data, and impact models when forced withdown-
scaled ERA-40, hindcasts and gridded observational datasets. (ENSEMBLES RT5
web page:http://www.knmi.nl/samenw/ensembles_rt5/ )

Keeping in view the aim of the project, di�erent research teams were responsible
for di�erent research themes (RT). RT5 provided the observational gridded dataset
for precipitation and temperature over European continent over two di�erent grid
sizes (Haylock et al. (2008)) of 25km x 25Km and 50km x 50Km. The daily time series
was prepared using data from 2191 meteorological and hydrological stations located
in Europe and the Mediterranean. Figure4.9 shows the location of precipitation and
temperature stations used in generation of daily gridded data set for observational
data.

Figure 4.9.: Precipitation (a) and temperature station (b) location used in generation
of daily observational gridded data setHaylock et al. (2008).

RCM data sets for ERA40 driven control runs and Special report on EmissionSce-
narios (SRES) A1B scenario runs were provided by researchers working for RT3 and
RT2B respectively. The output of three di�erent regional climate mo dels HadRM3
(developed by Hadley center for Climate prediction and research, Meto�ce UK.
Model description referenceCollins et al. (2005) ? and M. Noguer and Murphy
(1998)), RACMO2 (developed by the Royal Netherlands Meteorological Institute,
KNMI. Model description reference Meijgaard et al. (2008)) and REMO (developed
by Max-Planck-Institute f •ur Meteorologie, MPI-M. Model description referenceJa-
cob (2001)) were considered in this study. The RCM data sets predominantlycover
the European continent to di�erent extents and with spatial resolut ions of 25 km x
25 km and 50 km x 50 km grid sizes. Unlike observational gridded data set which
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was available only on daily scale, the RCM data sets were available on more extended
temporal scales of 6 hourly, 12 hourly, daily and monthly mean. All RCMs that were
used in this study provided data on rotated spherical coordinate system with a north
pole latitude placed at � 39:25� and longitude at 18� . The extent of coverage with
this rotated grid system was di�erent for each RCM used.

The downscaling methodology was applied to German part of Rhine basin. River
Rhine is approximately 1320 Km long and rises in Switzerland as a fast 
owing
mountain river, being fed by the melting waters of glaciers and snow in the Alps. It
drains almost 185,000 Km2 of area, of which more than 100,000 Km2 lies in Germany.
Approximately 50 million people live in the Rhine basin. It is one of the largest river
in Europe, fed by rainwater and glacial melt from 9 countries and 
ows out into the
North Sea in Netherlands. About 50% of the area from the Rhine basin is utilised for
agriculture, about 33% is covered by forest, 11% is built-up area and the remaining
is composed of surface water. It is estimated that the assets in the 
ood prone area
are worth 1500 billion Euro. So, it is very important to consider this area for both
the extremes of 
oods and drought. Figure 4.10 displays the total area drained by
the Rhine basin.

Figure 4.10.: Rhine catchment (Image retrived on 12.03.2010 from United Nations
Environment Programme's (UNEP) collaborating center. http://www.
grida.no/
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Figure 4.11.: selected grid points in German part of Rhine basin

Based on 25 km x 25 km grid resolution, 172 grid points were selected withinthe
catchment for analysis and evaluation (Figure 4.11). For observational and RCM
control runs the analysis was based on a common time period of 1961-1990 while
for SRES future scenario run, di�erent time periods between 2001-2100(2001-2099
in case of HadRM3 transient futures runs) were considered for evaluation. Given
that the considered RCMs provide di�erent meteorological variables over the Eu-
ropean continent on a rotated grid system, the data was �rst transformed to the
geographical longitude latitude grid using the Bi-cubic spline interpolation method
before they were used for classi�cation and downscaling purposes. Climate data oper-
ators (CDO) ( https://code.zmaw.de/projects/cdo/ ) developed by Max-Planck-
Institut f •ur Meteorology (MPI) were used for interpolation.
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Figure 4.12.: Mean sea level pressure (MSLP) of 01.01.2001.(a) Original RCM MSLP
of RACMO on left and HadRM on the right (b) MSLP Interpolated to
geographic coordinates of RACMO on the left and HadRM on the right.
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5. Results-Circulation pattern
classi�cation

5.1. Preface

This chapter presents the results obtained from the application of improved classi�ca-
tion method of critical circulation patterns discussed in Chapter 3 . The methodology
is applied to both the data sets described in Chapter4 titled \About Catchments
and Data" i.e. to gauge station based data of OPAQUE and grid point based data
of ENSEMBLES.

5.2. Classi�cation of critical circulation patterns

Chapter 3 described the methodology used for classi�cation of criticalcirculation
patterns and introduced certain objective functions that were used in automated
procedure of fuzzy rule based classi�cation system. Two sets of objective functions
based on daily values of precipitation and discharge were introduced. Given that
the aim of classi�cation of atmospheric circulation patterns was to associate some of
the circulation patterns with the extremes of hydrological system andthat in both
the projects (introduced in chapter 4 ) the aim was to identify in the respective
catchments critical circulation patterns, it was thought that instead of optimizing
the fuzzy classi�cation rules for each individual gauge station of each catchment of
OPAQUE project, or for each of the grid point in the German part of Rhine basin
of ENSEMBLES project, a single set of rules obtained from independentdata set
representing the same area would both be logical and less tedious.

For this purpose the discharge data at two rivers and precipitation data at 294
stations in Baden W•urttemberg, Germany is used for fuzzy rule optimization. The
location of river Rhine (at Maxau) and Neckar (at Plochingen) used for discharge
and 294 precipitation stations are shown in Figure5.1. The �gure also shows the
topography of the region. The catchment area of the upper Neckar at Plochingen is
3995 km2. The climate is temperate and humid with an annual mean temperature
of 8.7 � C and a mean annual precipitation of 870 mm. Precipitation shows a weak
annual cycle. Due to the marked annual cycle of radiation and temperaturedischarge
has strong annual cycle with maxima around February and minima in September-
October. The Rhine at Maxau on the other hand has a catchment area of 50196
km2, most of which is upstream the Lake Constance in Switzerland. Flows from the
Black Forrest also contribute to the discharge and are responsible for quick increases.
These increases are di�erent from those slow and long lasting increases caused by

oods in the Swiss part of the catchment.
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5. Results-Circulation pattern classi�cation

Figure 5.1.: Topographic map of the state of Baden W•urttemberg, along with the
precipitation (in black) and discharge (in red) stations

Daily mean sea level pressure (MSLP) from National Center for Atmospheric Re-
search (NCAR), National Centers for Environmental Prediction (NCEP) and E u-
ropean Centre for Medium-Range Weather Forecasts (ECMWF) has been used as
large scale predictor in di�erent cases. The grid resolution of both thedata sets are
2.5� . The lower left and upper right corners of the spatial window used forMSLP
are (35� N,15� W) and (65� N,40� E). The two discharge gauges shown in Figure5.1
were used for discharge based objective functions (Equations3.5 through 3.12) while
precipitation stations shown in Figure 5.2 were used for precipitation based objective
functions. For the rainfall coverage based objective functions (Equations 3.13 and
3.15) the two sets of precipitation stations are marked in Figure 5.2.

For classi�cation, discharge measured at two locations - Maxau (river Rhine) and
Plochingen (river Neckar) were selected. The time series of the discharge di�erences
dQ(t) for the two gauges are shown in Figure5.3. The limits corresponding to the
25% and 75% value of the distributions are marked with the two horizontal lines.
One can see that the two gauges have quite similar behaviour. The number of days
falling within the limits for both locations is very high - which ind icates that both
rivers are simultaneously in a quasi equilibrium state.

Selecting appropriate number of circulation patterns to be de�ned by the auto-
mated fuzzy rules is very important. Too many classes of CPs may average out the
associated extreme conditions and hence may hide the true criticalCPs. Too few
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5.2. Classi�cation of critical circulation patterns

Figure 5.2.: Two sets of precipitation stations in Baden W•urttemberg used for pre-
cipitation coverage based objective functions

on the other would clearly be not enough do describe the unique characteristics of
di�erent circulation patterns active in certain area. Therefore di� erent information
measures were used to assess the optimum number of CPs that should beused to
de�ne certain catchment/area with. These measures should help in better repre-
sentation of quality of each considered number of patterns both in space and time.
A good classi�cation should ideally lead to classes which di�er from climatological
mean for the selected variable.

For precipitation amounts a selected number of thresholds 0� z0 < : : : < z k can
be selected. For each circulation pattern� and each locationx the probability of
the precipitation not exceeding zi (x) is denoted asp�;i (x). The probability of not
exceedingzi (x) calculated over all days ispi (x). The quality measure with respect
to zi is de�ned as:

I Pi (x) =
X

�

h�;i (p�;i (x) � pi (x))2 (5.1)

The more the CP conditioned probability of precipitation increment p�;i (x) di�er
from unconditioned probability incrment pi (x), the bigger I Pi gets.

Another measure related to the mean precipitation amounts can also be intro-
duced. Let �z(x) be the mean daily precipitation amount at location x while �z� (x)
be the CP � conditioned daily precipitation amount at the same location. The ratio
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Figure 5.3.: Daily discharge di�erences along with 25%-75% lines (red) forPlochingen
(on river Neckar) and Maxau (on river Rhine) for year 2006 (Plochingen
in upper panel).
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5.2. Classi�cation of critical circulation patterns

of these two quantities

w� (x) =
�z� (x)
�z(x)

(5.2)

is an indicator for the relative wetness of a pattern and referred to as wetness index.
A pattern with wetness index 1 does not provide additional information at site com-
pared to climatology. For extreme wet patterns w� (x) should ideally be far greater
than 1 (e.g. to the order 2 or 3, implying that the CP which has a wetnessindex
equal to 3 is bringing in thrice the amount of precipitation comparing with a CP
with wetness index 1). For dry circulation patterns w� (x) < 1. The smaller the
wetness index is, the drier CP would it represent. In a given classi�cation the more
the values di�ers from 1 the better the classi�cation describes precipitation behavior.

The overall performance of a classi�cation can be measured using the following
two equations:

Z1P (x) =
X

�

h�

�
�
�
�
�z� (x)
�z(x)

� 1

�
�
�
� (5.3)

or

Z2P (x) =
X

�

h�

�
�
�
� log

�
�z� (x)
�z(x)

� �
�
�
� (5.4)

Both Z1P (x) and Z2P (x) measure the di�erence from the unconditional mean, the
former describing the overall wetness of the classi�cation systemwhile the later ex-
plains the extent of dryness of the classi�cation system in question.

With the precipitation and discharge data described above, the quality measures
outlined in equations 5.1 through 5.4 and NCEP-NCAR daily MSLP from 1979-1988,
di�erent number of CPs were used to classify the atmospheric circulations with and
their quality assessed. For the quality assessment of each classi�cation, precipitation
data from Baden-W•urttemberg at 294 stations shown in Figure5.1 were used from
1958-2000. Classi�cation quality measures de�ned in equations5.1 through 5.4 were
used for di�erent precipitation threshold values (e.g. z1=0 mm, z2=1 mm, z3 =5
mm and z4=10 mm). Z1P and Z2P were calculated for each precipitation station
in order to compare the di�erent classi�cation results. Subsequently sum of each of
these measures was calculated using all available measurement stations as an overall
performance measure. Two of the calculated quality measures are shownin Figure
5.4 where mean ofI P 3 (in black) and Z1P (in gray) are plotted for di�erent number of
patterns investigated. Given the heuristic nature of the optimization method, both
curves show random 
uctuations but generally both the measures increase with the
increase of number of classi�cation patterns. Both the measures peak at around 17
and afterward either decrease or stay the course.

17 CP classi�cation was thus considered for further classi�cation of OPAQUE
and ENSEMBLES catchments and data sets respectively. The CP classi�cation is
obtained using precipitation and discharge based objective functions. The analysis
(validation) is made using only the precipitation data. CP classi�cation based on
17 CPs was made using both NCEP's reanalysis and ECMWF's ERA40 MSLP. The
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Figure 5.4.: Information measuresI p3 (solid black line) and Z1p (solid gray line) for
di�erent number of CPs.

resulting CPs from both data sets displayed similar characteristics. Further classi�-
cation for ENSEMBLES and OPAQUE data sets and catchments were made using
ERA40 MSLP as all the control runs provided by di�erent RCM's in ENSEMB LE
data set were also driven by ERA40 data. ERA40 daily MSLP are available from
1958-2001 while for NCEP's reanalysis are available from 1957-2009. In some cases
when longer CP classi�cation time series was needed, NCEP's MSLP has also been
used. Optimized fuzzy rules were obtained using the data from 1979-1988. For val-
idation purposes di�erent time periods for the two data sets of ENSEMBLES and
OPAQUE has been used and would be noted in respective sections.

5.2.1. ENSEMBLES data sets classi�cation

All ENSEMBLES data sets have been analyzed for extremes using the classi�cation
obtained from methodology presented in chapter3. RT5 observational gridded data
set has been considered as standard against which all other RCM data sets have
been compared. Comparisons have been made by calculating the wetnessindices for
each individual data sets, for each grid point considered in the Germanpart of Rhine
basin and for winter (November to April) and summer (May to October) h alf years.

5.2.1.1. RT5 observational data set classi�cation

As discussed in previous chapter in section4.1.2, RT5 data set is the interpolated
gridded data set for European continent obtained from 2191 meteorological and hy-
drological stations located in Europe and the Mediterranean. The data setwould thus
be called observational gridded data set. Based on 25 km x 25 km grid resolution, 172
grid points were selected within the catchment for analysis and evaluation. The grid
points are shown in Figure 4.11 and the location of each grid point are tabulated in
Table A.1 of Appendix A. Both NCAR's NCEP and ECMWF's ERA40 Daily MSLP
was available to be used as large scale variable for classi�cation purposes.Classi-
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5.2. Classi�cation of critical circulation patterns

�cation was made using both the data sets and close similarity was found between
the two. Table 5.1 shows the contingency table between two classi�cations for all 17
CPs. CP18 is the unclassi�ed CP in both cases. ERA40 CPs are in rows and NCEP
CPs in columns. It can be seen that for all CPs both classi�cations have agreement
in terms of occurrence on a certain day. Given that control runs of all RCMs stud-
ies in this thesis are also based on ERA40 data, subsequent observational gridded
data set's classi�cation is also based on ERA40 daily MSLP for comparison of results.
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Figure 5.5.: Wetness indices (WI) and occurrence frequencies of all CPs for winter
(Nov.-April) and summer (May-Oct.) half year.
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Table 5.1.: Contingency Table for ERA40 and NCEP based classi�cation of CPs
CP/CP 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18
1 406 14 8 9 8 36 9 6 11 6 14 3 46 12 28 0 0 4
2 21 457 0 2 22 4 42 21 3 20 41 14 8 8 0 1 0 14
3 9 0 670 42 1 51 0 0 21 2 1 4 3 7 9 1 20 9
4 14 1 78 432 33 8 0 4 8 7 3 0 50 2 16 0 13 0
5 7 13 15 80 818 1 7 23 16 42 19 1 13 6 14 19 29 1
6 28 4 41 13 2 260 11 4 12 1 2 19 16 17 10 1 7 6
7 12 51 0 0 6 13 418 17 7 3 11 44 0 17 2 11 15 15
8 2 17 1 1 27 0 10 372 0 29 32 6 13 3 0 3 3 6
9 5 2 31 7 5 23 7 1 658 2 3 16 0 23 25 14 34 9
10 6 12 0 13 41 2 5 37 1 285 12 4 14 2 3 1 2 3
11 12 38 0 1 31 0 7 26 4 7 579 10 12 8 1 1 0 6
12 5 40 0 0 1 22 49 5 13 2 23 725 1 28 1 28 5 3
13 36 12 2 18 22 5 2 24 0 15 25 0 478 1 18 0 0 3
14 13 11 4 1 6 13 23 8 10 5 23 14 0 321 6 9 5 4
15 18 1 11 6 1 11 0 0 22 1 3 0 21 3 184 0 3 5
16 1 0 8 2 6 4 24 1 45 2 3 40 0 17 0 252 18 1
17 0 1 39 12 15 6 11 2 31 1 1 6 1 22 5 8 500 13
18 0 2 9 0 0 2 8 6 15 0 2 0 0 3 7 0 8 164

No. of classi�ed days=11315, Cramer's V=0.679
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5.2. Classi�cation of critical circulation patterns

Figure 5.5 shows the CP statistics in terms of wetness indices and occurrence
frequency for Grid point 1 (for grid point location please refer to Table A.1 of Ap-
pendix A) of grid system used. Wetness index was de�ned in Equation 5.2 as
the ratio of CP conditioned precipitation amount and unconditioned precipitation
amount. Higher values of wetness index generally would portray wet CPs and lower
values would represent dry CPs. For identifying wet CPs we have selected 1:5 as
the threshold value for wetness index. Any CP having wetness index value larger or
equal to 1:5 would be regarded as wet CP. For Dry CP the corresponding threshold
value for wetness index has been set as 0:5. In terms of wetness indices, CP03 is the
wettest CP followed by CP04, CP06 and CP17 in winter while the same CPsare wet
in summer half year except that CP09 (wet in winter as well) also appears as one
of the more wetter CP. CP02, CP08, CP10, CP11, CP12 and CP13 are the driest
CPs both in winter and summer. The occurrence frequencies of individual CPs are
also shown in Figure 5.5. Dry CP's frequencies remain more or less the same in
both seasons while wet CPs behavior is not very clear. While for most wet CP the
frequency in winter is more than in summer, for other wet CPs the frequencies tend
to increase in summer.

Table 5.2 and Table 5.3 show in addition to wetness indices and occurrence fre-
quencies, some other basic statistics of all CPs. These are averaged values over all
172 grid points of German part of Rhine basin. For each CP the table (it also holds
for subsequent CP statistics tables for di�erent RCMs) show the CP number (table
column heading: CP), number of days belonging to each CP out of total analysis
period (table column heading: Days), number of missing data days outof total CP
days (table column heading: Nodata), total CP days minus the missing number
of days (table column heading: CPdays), number of dry and wet days based upon
threshold precipitation value of 1 mm. (table column headings: Dry and table col-
umn heading: Wet), the occurrence frequency of each CP throughout the time period
(table column heading: Freq), the occurrence frequency of each CP throughout the
identi�ed wet days (table column heading: dQfreq), probability of p recipitation as-
sociated with each CP (table column heading: prob.), contribution to precipitation
increase for each CP (table column heading: Cont.), wetness index (table column
heading: WI), total precipitation sum associated with each CP (table column head-
ing: Sum), Mean daily precipitation amount associated with each CP (table column
heading: Mean), standard deviation (table column heading: St.Dev. ) and �nally
the maximum precipitation amount that was associated with each CP during the
analysis period (table column heading: Max).

In terms of wetness indices it can be seen that although the degree of wetness and
dryness change to some extent when compared with the values shown inFigure 5.5,
yet wet CPs remain wet and dry CPs remain dry. This shows the classi�cation is
robust in a sense that each class of CP consistently represent a particular type of
behavior. The wettest CP in winter has wetness index value of 3:36 for Grid point
1, but when averaged the value reduces to 2:98. This shows that there are certain
areas in the catchments where local e�ects in
uences the degree of wetness of wet
CPs. The spatial behavior of each CP would be shown later which would help to
identify areas where individual CP tend to di�er to its general behavior. On the other
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5. Results-Circulation pattern classi�cation

hand CP07 (identi�ed dry CP) when averaged over all the grid points becomes even
drier in winter (from a wetness index value of 0:48 to 0:43). Comparing sum, mean
and maximum precipitation for each CP in winter and summer show that winter
classi�cation seem to be more representative than summer classi�cation. For wet
CPs the total sum, mean and maximum precipitation in winter have larger values
than in summer and similarly dry CPs are drier in winter than in summer.
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Table 5.2.: Basic CP statistics averaged over all 172 grid points of German part of Rhine basin for winter
Average CP statistics over 172 grid points of German part of Rhine basin (observational data set)

( Winter )

CP Days No data CPdays Dry Wet Freq dQfreq Prob. Cont. WI Sum Mean St.Dev. Max
[-] [-] [-] [-] [-] [%] [%] [%] [%] [-] [mm] [mm] [-] [mm]

01 280 0 280 196 84 5.00 3.47 30.08 2.79 0.56 335.11 3.96 3.37 18.16
02 347 0 347 323 24 6.20 1.01 7.11 0.62 0.10 74.09 2.99 2.40 10.64
03 497 0 497 58 439 8.80 18.26 88.35 26.37 2.98 3155.20 7.16 5.51 36.37
04 361 0 361 63 298 6.40 12.41 82.77 14.52 2.26 1738.14 5.78 4.42 30.06
05 539 0 539 239 300 9.60 12.44 55.73 9.42 0.98 1142.52 3.72 2.93 20.54
06 205 0 205 77 128 3.60 5.33 62.79 5.28 1.45 632.20 4.86 3.87 24.03
07 304 0 304 232 72 5.40 3.00 23.89 2.33 0.43 280.26 3.83 2.98 15.32
08 264 0 264 226 38 4.70 1.58 14.53 1.07 0.23 128.11 3.36 2.43 10.97
09 460 0 460 214 246 8.20 10.23 53.64 9.40 1.15 1127.61 4.51 3.74 23.76
10 174 0 174 131 43 3.10 1.77 24.79 1.03 0.33 124.93 2.89 2.31 12.55
11 413 0 413 360 53 7.40 2.23 13.06 1.59 0.22 190.52 3.50 3.10 17.37
12 469 0 469 391 78 8.30 3.22 16.64 2.64 0.32 319.06 4.01 3.85 23.09
13 336 0 336 233 103 6.00 4.27 30.84 3.65 0.61 433.61 4.06 3.38 19.11
14 239 0 239 171 68 4.30 2.84 28.78 1.99 0.47 238.60 3.43 2.97 16.85
15 112 0 112 58 54 2.00 2.23 48.23 1.89 0.95 224.78 4.16 2.98 14.57
16 184 0 184 89 95 3.30 3.96 51.78 3.27 1.00 390.43 4.02 3.05 16.01
17 321 0 321 86 235 5.70 9.78 73.40 9.43 1.65 1142.40 4.79 3.79 26.95
99 113 0 113 66 47 2.00 1.97 42.07 1.76 0.87 215.80 4.43 3.18 15.42
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Table 5.3.: Basic CP statistics averaged over all 172 grid points of German part of Rhine basin for summer
Average CP statistics over 172 grid points of German part of Rhine basin (observational data set)

( Summer )

CP Days No data CPdays Dry Wet Freq dQfreq Prob. Cont. WI Sum Mean St.Dev. Max
[-] [-] [-] [-] [-] [%] [%] [%] [%] [-] [mm] [mm] [-] [mm]

01 340 0 340 242 98 6.00 4.27 28.84 3.93 0.66 510.02 5.18 4.26 22.50
02 331 0 331 303 28 5.80 1.24 8.66 0.85 0.15 112.64 3.83 3.07 13.51
03 353 0 353 72 281 6.20 12.27 79.77 15.63 2.53 2025.56 7.18 5.68 38.36
04 308 0 308 105 203 5.40 8.89 66.23 9.08 1.68 1177.16 5.77 4.72 27.57
05 585 0 585 296 289 10.30 12.58 49.51 10.16 0.99 1343.28 4.54 3.72 26.93
06 249 0 249 123 126 4.40 5.52 50.99 5.27 1.21 680.25 5.33 4.26 23.43
07 338 0 338 260 78 5.90 3.42 23.33 3.10 0.52 405.56 5.11 5.09 30.31
08 261 0 261 228 33 4.60 1.43 12.69 1.00 0.22 135.91 3.95 2.94 12.98
09 405 0 405 143 262 7.10 11.40 64.74 12.46 1.76 1636.93 6.19 5.69 43.40
10 269 0 269 223 46 4.70 2.01 17.25 1.33 0.28 173.89 3.72 2.97 14.36
11 330 0 330 286 44 5.80 1.94 13.52 1.82 0.31 242.70 5.25 4.63 22.47
12 482 0 482 393 89 8.50 3.87 18.57 3.58 0.42 475.54 5.19 4.49 25.20
13 325 0 325 263 62 5.70 2.70 19.19 1.76 0.31 228.30 3.70 2.92 14.69
14 237 0 237 158 79 4.20 3.46 33.62 3.02 0.73 392.34 4.90 3.95 20.56
15 178 0 178 85 93 3.10 4.06 52.41 3.84 1.23 501.93 5.37 4.94 27.76
16 240 0 240 92 148 4.20 6.45 61.71 7.50 1.78 975.70 6.54 6.22 42.12
17 353 0 353 85 268 6.20 11.69 76.08 12.78 2.07 1674.42 6.20 4.90 31.33
99 120 0 120 56 64 2.10 2.82 53.93 2.91 1.38 381.29 5.85 5.04 26.65
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5.2. Classi�cation of critical circulation patterns

To assess the long term occurrence behavior of wet and dry CPs, the identi�ed
extreme wet and extreme dry CPs were grouped together. For wet CP group, CP03,
CP04, CP06, and CP17 where combined, while CP02, CP08, CP10, CP11, CP12 and
CP13 were combined together to form a dry CP group. The occurrence frequencies of
the combined wet and dry CPs for each year are plotted in Figure5.6. The gradual
increase in dry CP frequency can be seen even for the comparatively shorter time
period of 30 years. The wet CP group on the other hand remain inconclusivein terms
of increasing or decreasing trend in occurrence frequency. These frequencies would
later be compared with the frequencies achieved in SRES RCM controland A1B
scenario runs in the following sections. This will be important in a sense that RCM
control run comparison would give an indication towards the skill of the individual
model used and comparison with SRES A1B scenarios would provide potential trend
of extremes of climate in future.

 

Figure 5.6.: Combined wet (black line) and dry (gray line) CP frequencies for each
year.

Mean sea level pressure anomaly maps of all the CPs are shown in Figure5.7
which corresponds quite well to wet and dry CP classi�cation based on the wetness
index. The anomaly maps are created from 1961-1991 daily normalized MSLP. The
wet group of CPs (CP03, CP04, CP06 and CP17) have marked low pressure centers
either at north Atlantic or central Europe (in case of CP17). Dry group of CPs
(CP02, CP08, CP10, CP11, CP12 and CP13) on the other hand have predominantly
higher pressure anomaly centered over eastern British isles and changing its posi-
tion in north-south direction. The pressure system causes a weak airmovement and
transports dry air masses from eastern Europe to central Europe. CP02 isthe driest
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5. Results-Circulation pattern classi�cation

CP with minimum precipitation probability in both winter and summe r (7.11% and
8.66%) and minimum contribution to precipitation increase (0.62% in winter and
0.85% in summer). The occurrence frequency of CP02 tend to marginallyincrease
in winter (6.2% in winter against 5.8% in summer).

The two wettest CPs are CP03 and CP04. Both CPs have strong negative pressure
anomalies over north of British Isles and high pressure anomalies over eastern Atlantic
ocean (with slight di�erence in location of pressure centers). This is a typical wet
pressure system and causes a typical west cyclonic transport of moistocean air masses
from the Atlantic Ocean to Central Europe. The two CPs have highest probability of
precipitation in both winter and summer (88.35% and 82.77% in winter and 79.77%
and 66.23% in summer for CP03 and CP04 respectively). They also contribute more
than any other CPs to total precipitation in both winter in summer. The contribution
to precipitation for the two CPs are 26.37% and 14.52% in winter and 15.63% and
9.08% in summer.
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Figure 5.7.: Mean sea level pressure maps of all CPs (contd...)
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Figure 5.7.: Mean sea level pressure maps of all CPs
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5.2. Classi�cation of critical circulation patterns

Figure 5.8 shows the CP conditioned precipitation distribution for summer and
winter of wettest and driest CPs. The distribution clearly show di�erence of precip-
itation associated with each identi�ed critical CP.
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Figure 5.8.: CP conditioned precipitation of two wettest and driest CP for winter
(above) and summer (below).

Given that dry spells usually are characterized by long spells of no precipitation,
only the precipitation amounts, means and precipitation contribution t o total precip-
itation associated with certain identi�ed dry CP in certain area may not be the only
way of showing worthiness of dry CP identi�cation. Thats why in Table 5.4, the two
historical drought spells in summer of 1976 and 1991 along with the classi�cation of
CPs is shown. It can be clearly seen that identi�ed critical dry CPs (background
shaded in gray) dominate the two dry spells. The cells shaded light gray are also
identi�ed dry CPs but they have wetness indices slightly above0:5. e.g. CP07 has
average wetness index of 0:52 in summer and 0:43 in winter.
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In order to investigate the spatial relationship between CPs and dailyprecipitation
the wetness indices were calculated for each CP and grid point and interpolated using
external drift kriging ( Ahmed and Marsily (1987)). The topographic elevation was
used as external drift and calculations were carried out for the winterand summer
half years separately. The results for winter are shown in Figure 5.9 while Figure
5.10 displays the same for summer.

It can be seen that regardless of the season, dry CPs remain dry while wet CPs
remain wet. Additionally dry CPs show more spatial homogeneity than wet CPs
mainly because of the physical nature of two phenomena. High pressure anomalies
usually are more widely spread with mild gradients and e�ect larger areasas com-
pared to low pressures which are localized and have steep gradients. Dry CPs remain
dry both in winter and summer and are homogeneous in their spread of WI values
except CP13 which is considerably dry in summer than it is in winter. In fact in
north-western part there are areas which have WI values larger than 1 forCP13 in
winter. In terms of wet CPs, the biggest di�erence in spatial distribution of wetness
index can be seen in CP17 where it is more wetter with more even spread of wetness
in summer than it is in winter.
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Table 5.4.: Historical European drought spells of 1976 and 1991 and associated iden-
ti�ed dry CPs (in shaded boxes)

Date 1976 CPs 1991 CPs
1.06 CP04 CP08
2.06 CP05 CP17
3.06 CP05 CP03
4.06 CP02 CP06
5.06 CP11 CP03
6.06 CP13 CP09
7.06 CP02 CP03
8.06 CP12 CP06
9.06 CP14 CP04
10.06 CP01 CP13
11.06 CP07 CP06
12.06 CP13 CP06
13.06 CP10 CP01
14.06 CP13 CP01
15.06 CP01 CP09
16.06 CP07 CP09
17.06 CP10 CP05
18.06 CP01 CP04
19.06 CP15 CP03
20.06 CP01 CP13
21.06 CP08 CP15
22.06 CP08 CP14
23.06 CP02 CP04
24.06 CP02 CP13
25.06 CP07 CP03
26.06 CP07 CP17
27.06 CP11 CP05
28.06 CP02 CP05
29.06 CP07 CP13
30.06 CP07 CP11
1.07 CP07 CP07
2.07 CP12 CP12
3.07 CP12 CP12
4.07 CP06 CP12
5.07 CP12 CP12
6.07 CP12 CP12
7.07 CP12 CP06
8.07 CP17 CP01
9.07 CP14 CP02
10.07 CP14 CP14
11.07 CP12 CP01
12.07 CP16 CP04
13.07 CP16 CP05
14.07 CP14 CP05
15.07 CP06 CP10
16.07 CP01 CP05

Date 1976 CPs 1991 CPs
17.07 CP06 CP05
18.07 CP06 CP06
19.07 CP01 CP10
20.07 CP04 CP10
21.07 CP09 CP02
22.07 CP05 CP14
23.07 CP05 CP17
24.07 CP05 CP17
25.07 CP11 CP05
26.07 CP11 CP11
27.07 CP05 CP12
28.07 CP05 CP12
29.07 CP10 CP12
30.07 CP06 CP16
31.07 CP09 CP03
1.08 CP05 CP05
2.08 CP13 CP05
3.08 CP13 CP05
4.08 CP10 CP02
5.08 CP11 CP13
6.08 CP11 CP01
7.08 CP08 CP05
8.08 CP07 CP10
9.08 CP99 CP13
10.08 CP99 CP01
11.08 CP99 CP04
12.08 CP06 CP10
13.08 CP07 CP02
14.08 CP07 CP11
15.08 CP07 CP05
16.08 CP12 CP15
17.08 CP05 CP10
18.08 CP08 CP10
19.08 CP07 CP13
20.08 CP07 CP13
21.08 CP12 CP12
22.08 CP12 CP01
23.08 CP12 CP08
24.08 CP07 CP02
25.08 CP07 CP12
26.08 CP07 CP12
27.08 CP16 CP12
28.08 CP07 CP12
29.08 CP12 CP12
30.08 CP04 CP12
31.08 CP03 CP06

69



5. Results-Circulation pattern classi�cation

 

CP01 

 

CP02 

 

CP03 

 

 

CP04 

 

CP05 

 

CP06 

Figure 5.9.: Spatial distribution of wetness index for each CP for winter
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Figure 5.9.: Spatial distribution of wetness index for each CP for winter. Contd...
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Figure 5.9.: Spatial distribution of wetness index for each CP for winter. Contd...
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Figure 5.10.: Spatial distribution of wetness index for each CP for summer.
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Figure 5.10.: Spatial distribution of wetness index for each CP for summer. Contd...
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Figure 5.10.: Spatial distribution of wetness index for each CP for summer. Contd...
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5.2.1.2. RACMO data set classi�cation

RACMO is the regional climate model developed by the Royal Netherlands Meteoro-
logical Institute, KNMI. The details of the model, its resolution, un derlying physics
and driving GCM can be found in Meijgaard et al. (2008). Daily mean sea level pres-
sure and daily precipitation values available on 0:22� regular grid resolution have been
used for classi�cation purposes. RACMO provides all its data on rotatedspherical
coordinate system with a north pole latitude placed at � 39:25� and longitude at 18� .
On a rotated grid system the data is provided with lower left corner at ( � 21:72 ,
� 20:68) and upper right corner at (15:46 , 20:90) as its x and y coordinates. This grid
corresponds to (4.806W , 26.719N) and (58.32E , 67.365N) window on a geographic
coordinate system with irregular coordinates spacing. To convert thedata to regular
grid spacing of 0:22� on geographical coordinate system the data was interpolated to
a working window with (4W , 30N) and (27.68E , 61.68N) as lower left and upper
right corners respectively. With interpolated geographic coordinatesystem, German
part of Rhine basin is represented by 172 grid points shown in Figure4.11.

Comparing the individual grid point based results with observational gridded data
set results shown in Figure5.5 it can be seen that the basic CP statistics for this Grid
point have been maintained by RACMO control run data set. Wet CPs remain wet
and dry CPs remain dry in both observational and RACMO gridded data set albeit
some small di�erences. For example CP03 remains the wettest CP both in winter
and summer but the degree of wetness decreases from 3:4 in observational gridded
data set to 3:0 in RACMO data set for winter and from 3:0 for observational to 2:5 for
RACMO data set for summer. Similarly CP06 has also lower wetness index value in
both winter and summer. RACMO data set's dry CPs are the same as observational
gridded data set except that the degree of wetness for dry CPs is slightly larger in
RACMO. Figure 5.11 displays the averaged values of di�erent important statistics
of all CPs for winter and summer. These values are averaged over all the 172grid
points to obtain the general picture of RACMO classi�cation for each CP. The same
picture of reduced degree of wetness index values for wet CPs arise here. Except
CP16 which increases slightly (signi�cantly) in wetness index allother classi�ed wet
CPs have lower index value in RACMO classi�cation in winter (summer). In terms
of occurrence frequencies on the other hand RACMO tends to have higher values
for the two wettest CPs than observational gridded data set for both winter and
summer and considerably lower values for other wet CPs. Looking speci�cally into
the dry CPs it is found that on average RACMO overestimates (4%) the occurrence
frequencies of combined dry CPs in winter while there is negligible overestimation
(0.5%) in summer.

Three times periods are selected for classi�cation for assessing how the extreme
CPs change over time in selected RCM. 2021-2050 and 2071-2100 are the two shorter
time periods selected in the initial and later part of 21st century. Finally the whole
time period made available by each RCM (2001-2100) was selected for performing CP
classi�cation. For the same time periods, averaged values of important CP statistics
are displayed for each season in Figure5.12 through Figure 5.14. In terms of \inter-
time period" changes among the CP statistics, except some few instances, most of the
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values does not alter that much. Wet CPs classi�ed in observational gridded data set
and in RACMO control run data set remain wet here although with smaller values
of wetness indices. Two of the wettest CPs have lower wetness index value than they
were either in observational gridded data set or in RACMO control run data set.
Except CP06 which has higher value of wetness index than it had in observational or
RACMO control run. The increase is more in 2021-2050 time period than in 2071-
2100. This increase though is only in winter and in summer it more or less remains
stable. Occurrence frequencies of both wet and dry CPs remain on average the same.
Year wise occurrence frequencies of combined wet and dry CPs in control and A1B
scenario would be shown later. The biggest change in occurrence frequency in dry
CPs occur in CP02 which has increased in A1B scenario. In winter the increase in
2021-2050 is more than 2071-2100 while in summer the opposite is true. In terms of
\inter-season" changes, it can be seen that the classi�cation is quite homogeneous
in that wet CPs remain wet and dry remain dry both in summer and winter but in
some cases the strength of wetness indices 
uctuates. Case in point CP13, where it
is twice as dry in summer as it is in winter in almost all the cases of RACMO control
and three time periods of RACMO A1B scenario .
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Figure 5.11.: Basic CP statistics averaged over all 172 grid points of German part
of Rhine basin for winter (black circles) and summer (gray circles)for
RACMO control run scenario (1961-1991) dataset
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Figure 5.12.: Basic CP statistics averaged over all 172 grid points of German part
of Rhine basin for winter (black circles) and summer (gray circles)for
RACMO SRES A1B scenario (2021-2050) dataset
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Figure 5.13.: Basic CP statistics averaged over all 172 grid points of German part
of Rhine basin for winter (black circles) and summer (gray circles)for
RACMO SRES A1B scenario (2071-2100) dataset
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Figure 5.14.: Basic CP statistics averaged over all 172 grid points of German part
of Rhine basin for winter (black circles) and summer (gray circles)for
RACMO SRES A1B scenario (2001-2100) dataset
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Figures 5.15 and 5.16 shows the combined dry and wet CP occurrence frequencies
for observational (solid black line) and RACMO (solid gray line) gridded data set
respectively. Control period of RACMO and SRES A1B scenario have bothbeen in-
cluded in the �gures along with the linear trend (shown in dashed black line). It can
be seen that during the control period of 1961-1991 RACMO simulates the occurrence
frequency of combined dry and wet CP's reasonably well. Given that RACMO con-
trol runs are driven by ERA40 data, the similarity with observational fre quency (also
obtained from ERA40 MSLP classi�cation)is not surprising. Although the patt ern
of increase and decrease are simulated well, yet there are some consistent underesti-
mation of combined wet CP occurrence frequencies during the control time period.
In case of combined dry CP occurrence frequencies though, there areno consistent
under or over estimation and increase and decrease in occurrence frequency is well
simulated. In case of RACMO A1B scenario occurrence frequencies forcombined
wet and dry CPs, the two �gures show contrasting and interesting behavior. In case
of wet CPs there is visible downward trend in occurrence of extreme wet CPs over
2001-2100 period and increasing trend of extreme dry CPs. RACMO thus predicts
a more drier situation in coming 90 years.

 

Figure 5.15.: Occurrence frequencies of combined dry CPs for observational gridded
(solid black line) and RACMO control and SRES A1B scenario (solid
gray line) data sets

Spatial structure of wetness indices for all CPs and for each season are presented in
Appendix B. Section B.1 presents spatial maps for both control and SRES A1B sce-
nario runs with Figure ?? and B.2 showing control run maps for winter and summer
while Figure B.3 and Figure B.4 showing the same for A1B scenario respectively. It
can be seen that extreme CPs are predominantly remaining very homogeneous and
depending upon the extreme CP one is looking at remain wet or dry overthe whole
region. Considering dry CPs of CP02 and CP10 in summer, it can be seen that
in southern part of German part of Rhine basin (Black forest and Alps) the CPs
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Figure 5.16.: Occurrence frequencies of combined wet CPs for observational gridded
(solid black line) and RACMO control and SRES A1B scenario (solid
gray line) data sets

are marginally wetter than they are in northern areas. This di�erence is more in
control run than observational gridded data set and more in A1B scenario run than
in control run. Giving an indication of possible bias in the model. In some CPs (for
example CP06, both in winter and summer) the spatial behavior of wetness index
corresponds very well with the topographical nature of the catchment with distinct
areas of comparatively wet and dry situation in northern and southern part of the
basin. CP16 and CP17, both wet CPs, show considerable inter-season variation in
terms of wetness index for both control and A1B scenario runs. Both CPs arecon-
siderably wet in summer than in winter.

Appendix B Table C.1 presents the contingency table between ERA40 based CP
classi�cation and RACMO control run classi�cation.

5.2.1.3. REMO data set classi�cation

REMO is the regional climate model developed by the Max-Planck-Institute f •ur
Meteorologie, (MPI-M). Model description, resolution and underlying GCM infor-
mation can be found in Jacob (2001). REMO is based on the \Europamodell"
D. (2008), the former numerical weather prediction model of the German Weather
Service (Deutscher Wetterdienst, DWD. ). MPI-M made further development of the
model, where the physical parameterisations from ECHAM4/T106 were implemented
into the Europamodell code in addition to the ones which already existed. REMO
can be used both in forecast and in climate mode. REMO provides di�erent mete-
orological variables for control and SRES A1B scenario runs in di�erent temporal
and spatial resolutions. Daily mean sea level pressure and daily precipitation values
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available on 0:22� regular grid resolution have been used for classi�cation purposes.
As was the case with RACMO, REMO also provides all of its modeled data onro-
tated spherical coordinate system with a north pole latitude placed at� 39:25� and
longitude at 18� . The data was �rst interpolated to geographical coordinate system
before being used for classi�cation purposes.

The general picture for control runs classi�cation remains very much the same as
RT5 observational gridded data set. Wet CPs remain wet and dry CPs remain dry
in REMO simulations. Figure 5.17 shows the more detailed CP statistics averages
over all 172 grid points of Rhine basin for control winter and control summerperiod.
Comparing with RT5 observational gridded data set's averaged CP statistics, it can
be seen that wet CP occurrence frequencies tend to increase in REMO control runs
while dry CP occurrence frequencies tend to decrease a bit. CP08 is exceptionally
dry CP in summer which is increasing in occurrence as well. The wetness indices
of both wet and dry CP remain more or less stable but generally in dry CPs case
the wetness indices are a bit higher, indicating less dryness. Figure 5.18 through
Figure 5.20 show averaged CP statistics value for SRES A1B scenario for three time
periods of 2021-2050, 2071-2100 and 2001-2100 for winter and summer half years
respectively. In case of wet CPs the occurrence frequencies forall three time periods
remain in the same range as observational gridded dataset showing not a marked
di�erence in future. But in case of dry CPs the occurrence frequencies of two most
dry CPs i.e. CP02 and CP08 tend to increase both in summer and winter.Other
dry CPs either remain in the range that were observed in observational gridded data
set or decrease a bit. The increase in occurrence frequencies of these two CPs a�ect
the overall behaviour of dry CP occurrence. The same can be seen in the combined
dry and wet CP frequencies in Figure5.21 and Figure 5.22 respectively. The clear
increasing and decreasing trends in the two �gures for SRES A1B scenario run are
more or less the same as was the case in RACMO model.
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Figure 5.17.: Basic CP statistics averaged over all 172 grid points of German part
of Rhine basin for winter (black circles) and summer (gray circles)for
REMO control run scenario (1961-1991) dataset

85



5. Results-Circulation pattern classi�cation

 

Figure 5.18.: Basic CP statistics averaged over all 172 grid points of German part
of Rhine basin for winter (black circles) and summer (gray circles)for
REMO SRES A1B scenario (2021-2050) dataset
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Figure 5.19.: Basic CP statistics averaged over all 172 grid points of German part
of Rhine basin for winter (black circles) and summer (gray circles)for
REMO SRES A1B scenario (2071-2100) dataset
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Figure 5.20.: Basic CP statistics averaged over all 172 grid points of German part
of Rhine basin for winter (black circles) and summer (gray circles)for
REMO SRES A1B scenario (2001-2100) dataset
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Figure 5.21.: Occurrence frequencies of combined dry CPs of observational gridded
(solid black line) and REMO control and SRES A1B scenario (solid
gray line) data sets

 

Figure 5.22.: Occurrence frequencies of combined wet CPs of observational gridded
(solid black line) and REMO control and SRES A1B scenario (solid
gray line) data sets
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Appendix B contains the spatial distribution maps of wetness index for all CPs
and winter and summer seasons obtained from REMO classi�cation.B.5 and B.6
are winter and summer maps for control runs whileB.7 and B.8 are the two set of
maps for SRES A1B scenario run. REMO simulates the control period quite well.
The spatial structure of wetness index follow the patterns that were witnessed in ob-
servational gridded data set. Spatial maps for winter are especially well simulated.
In summer there are certain CPs which have di�erent structure of wetness index
maps. The two wettest CPs of CP03 and CP04 are less wetter throughout thebasin
than control run. Similarly the two classi�ed dry CPs of CP08 and CP13 are also
less drier than control run maps. Inter-season di�erences can be seen for CP16 and
CP17 which are more wetter in summer than in winter. CP14 (not recognized as
one of the extreme wet or dry CP) show big di�erence in wetness index distribution
in summer and winter. In winter it has average wetness index value of0.51 while
in summer it shoots up to almost 1. The spatial maps of REMO control run shows
the di�erence more clearly. SRES A1B scenario maps show the possiblefuture as
depicted by REMO model. Almost all classi�ed wet CPs are less wetter in A1B sce-
nario and classi�ed dry CPs are more drier both in winter and summer. For example
CP16 and CP17 both classi�ed wet CPs, are less wetter in A1B scenario runthan in
control run. This di�erence is more pronounced in summer though. In case of dry
CPs also A1B scenario seem to predict more dry future. In control runssome of the
dry CP spatial maps do show some areas where the wetness index is largerthan the
mean CP wetness index for the same CP but in A1B scenario maps the dry CPs are
more homogeneously dry.

Appendix B Table C.2 presents the contingency table between ERA40 based CP
classi�cation and REMO control run classi�cation.

5.2.1.4. HadRM data sets classi�cation

The results presented in this section are obtained from analysis and classi�cation of
data obtained from Hadley regional climate model (HadRM). HadRM is developed
by Hadley center for climate prediction and research, Met o�ce UK. Model descrip-
tion can be found in Collins et al. (2005). HadRM provide several atmospheric
variables in di�erent temporal formats of 6 hourly, 12 hourly, daily and monthly
data. The data is available in di�erent spatial resolutions and extents. The data is
available both in regular grid of 0.22� ( roughly 25Km square) and 3.75� x 2.5� grid.
Both resolutions are based on spherical rotated coordinate system. Before using
the data for classi�cation purposes the data is converted to geographic coordinate
system. HadRM provides extensive sets of atmospheric variables in three di�erent

avors. These 
avors are achieved by forcing the regional climate model by GCM
which is run under di�erent climate sensitivity 1 parameter.Each GCM possesses a

1The term \climate sensitivity " refers to the steady-state increa se in the global annual mean
surface air temperature associated with a given global-mean radiative forcing. It is common
practice to use CO2 doubling as a benchmark for comparing GCM clima te sensitivities. Thus
in practice the climate sensitivity may be de�ned as the chang e in global-mean temperature
that would ultimately be reached following a doubling of carbon dioxide concentration in the
atmosphere (e.g. from 275 ppmv to 550 ppmv, where ppmv is parts per million by volume). The
Intergovernmental Panel on Climate Change (IPCC) 4th Assessm ent Report reported the likely
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di�erent climate sensitivity, depending on the representation of various feedback pro-
cesses in the model. It is generally assumed that the climate sensitivity of a model
is approximately constant over the range of forcings expected for the next century.
Three climate sensitivity runs (namely low, normal and high climate sensitivity) are
provided by HadRM for control and SRES A1B scenario run and each of them are
considered for classi�cation of extreme CPs. For SRES A1B scenario runsHadRM
provides data from 2001-2099 with 360 days in a year.

Figure 5.23presents the classi�cation results for HadRM control run while ??, 5.25
and 5.26 provide the same for SRES A1B scenario for low, normal and high climate
sensitivity runs. All the values are averaged over 172 grid points of German part of
Rhine basin. Given that in previous cases the di�erence between three di�erent time
period analysis of 2021-2050, 2071-2100 and 2001-2100 was not too much, only the
analysis from 2001-2099 (HadRM provide SRES A1B scenario runs from 2001-2099)
are shown in these tables for winter and summer half years.

Both the wetness indices and occurrence frequencies of extremewet and dry CPs
in HadRM control runs are closely matching with the values of observationalgridded
data set. Wet CPs classi�ed in observational gridded data set remain wet here as
well, with the only di�erence that instead of CP04 being the second most wettest
CP, CP06 is the second wettest one. Also the wetness index values area bit on the
lower side as compared to observational gridded data set. But this was the case in
both the RCMs of RACMO and REMO as well. Dry CPs do not show much di�er -
ence from the dry CPs of observational gridded data set. Comparing the averaged
values of winter and summer with the averaged value of observational gridded data
set (please refer to Table5.2 and Table 5.3 for observational mean CP statistics for
winter and summer respectively), it can be seen that in both winter and summer
the occurrence frequencies of wet CPs have increased in HadRM control run and at
the same time the wetness indices have decreased. The only exceptions are CP16 in
winter and CP16 and CP17 in summer. The inter-season di�erence between CP16
and CP17 is also quite big, with both CPs marginally wet in winter but extreme wet
in summer. This picture is seemed to be repeated in all three RCMs. Dry CPs on
the other hand also show increased occurrence frequencies and higher wetness indices
(meaning on average dry CP of HadRM is less drier than observational griddeddata
set's dry CP). The increased occurrence frequencies are specially visible for two of
the extreme dry CPs.

The low climate sensitivity runs of HadRM predicts on average lower occurrence
frequencies values for extreme wet CPs in winter and comparable or slightly larger
values in summer than control run statistics. Wetness indices values on the other
hand are larger than control runs. Except CP16 and CP17 in summer which have
slightly lower wetness index values. Mean wet day precipitation amounts of low cli-
mate sensitivity runs for wet CPs are clearly larger than control run amounts. In
summer the picture is more or less same as CP16 and CP17 have lower wet day pre-
cipitation amounts. Maximum precipitation associated with each wet CP is clearly

range for this quantity to be between 2 o and 4.5oC, with a 'best' estimate of 3 oC.

91



5. Results-Circulation pattern classi�cation

larger than control run statistics for both winter and summer (the only exception
again are CP16 and CP17 in summer). So although wet CPs remain wet in HadRM
low climate sensitivity run, the degree of wetness comparing to its control run are
lower and are less frequent. However, whenever these extreme wet CP bring rain in
the catchment it tends to be more extreme. Probability of rain associated with occur-
rence of wet CPs remain more or less the same in low climate sensitivity runs during
winter periods of 2001-2099. In summers though, probabilities tends to comedown.
Contribution to precipitation increase are also shown in the Figure 5.24 through
Figure ?? and the pattern closely follows that of wetness indices. Except CP03for
which the contribution to precipitation increase has lower value than control time
period, all other wet CPs have larger or equivalent values both in winter and summer.
Extreme dry CPs on average have larger occurrence frequencies and lower or equiv-
alent values of wetness indices. Low climate sensitivity run of HadRMthus predicts
even drier dry CPs occurring more frequently than present or previous occurrences.
Mean daily precipitation amounts associated with days with active dry CPs have
larger values than control period of HadRM in winter. In summer the picture is not
conclusive and in some cases the amounts are decreasing and in some cases increasing.

Normal climate sensitivity and high climate sensitivity runs of HadRM SRES A1B
scenario on average paints the same picture for future as low climate sensitivity runs
in terms of wet and dry CPs and their important statistics. Referrin g to Figure 5.27
and Figure 5.28 which are the combined �gures for all three climate sensitivity runs
and HadRM control run, it can be seen that in most of the cases the three circles
associated with SRES A1B scenario tend to stick together on either side of the black
crosses (representing HadRM control run). Hence most of the discussion associated
with low climate sensitivity runs and its statistics in previous paragraph also hold
for normal and high climate sensitivity runs. There are some marginal exceptions
though. For example the maximum precipitation amounts related to each CP in
winter predicted by all three SRES scenario are far larger than controlrun amounts.
In some cases high climate sensitivity run provides the largest maximum (e.g. CP17
in winter) while in some cases it is the smallest maximum (e.g. CP03 in winter).
But this does not change the overall picture.
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Figure 5.23.: Basic CP statistics averaged over all 172 grid points of German part
of Rhine basin for winter (black circles) and summer (gray circles)for
HadRM control run scenario (1961-1991) dataset
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Figure 5.24.: Basic CP statistics averaged over all 172 grid points of German part
of Rhine basin for winter (black circles) and summer (gray circles)for
HadRM SRES A1B low climate sensitivity scenario (2001-2099) dataset
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Figure 5.25.: Basic CP statistics averaged over all 172 grid points of German part
of Rhine basin for winter (black circles) and summer (gray circles)for
HadRM SRES A1B normal climate sensitivity scenario (2001-2099)
dataset
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Figure 5.26.: Basic CP statistics averaged over all 172 grid points of German
part of Rhine basin for winter (black circles) and summer (gray cir-
cles)for HadRM SRES A1B high climate sensitivity scenario (2001-
2099) dataset
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Figure 5.27.: Basic CP statistics averaged over all 172 grid points of German part of
Rhine basin for winter for HadRM control (black cross) and three SRES
climate scenarios of HadRM of low climate sensitivity (light-light gray
circles), normal climate sensitivity (light gray circles) and high climate
sensitivity (black circles) datasets
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Figure 5.28.: Basic CP statistics averaged over all 172 grid points of German part
of Rhine basin for summer for HadRM control (black cross) and three
SRES climate scenarios of HadRM of low climate sensitivity (light-
light gray circles), normal climate sensitivity (light gray circle s) and
high climate sensitivity (black circles) datasets
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Figure 5.29 through Figure 5.34 present the combined wet and dry CP yearly fre-
quencies for all the three climate sensitivity runs of HadRM along with control and
observation gridded data set's frequencies. The three �gures are considerably dif-
ferent than the ones presented in Figure5.15 through Figure 5.16 for RACMO and
Figure 5.21 through Figure 5.22 for REMO. RACMO and REMO both predicted in-
creasing trends in occurrence frequencies of combined dry CPs and decreasing trends
in combined wet CP frequencies. HadRM related combined occurrence frequencies
are di�erent in three di�erent climate sensitivity runs. For lo w climate sensitivity
runs there is an increasing trend visible in combined dry CP occurrence but it is
not as steep as it was for RACMO and REMO. Further the control run dry CP
frequencies also does not capture the observational CP frequenciesthat well. For
combined wet CP's a mild decreasing trend can be detected in occurrence frequen-
cies. For normal climate sensitivity runs both wet and dry combined CP frequencies
show decreasing trend while in high climate sensitivity the trend for combined dry
CP frequency is almost negligible while for wet CPs it is a clear decreasing trend.
So although in terms of some basic statistics there are similarities inthree climate
scenarios, for yearly occurrence frequencies the three runs di�er considerably from
each other (in some cases they are even exhibiting contradictory results).

 

Figure 5.29.: Occurrence frequencies of combined dry CPs of observational gridded
(solid black line) and HadRM control and SRES A1B scenario (solid
gray line) of low climate sensitivity data sets
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Figure 5.30.: Occurrence frequencies of combined wet CPs for observational gridded
(solid black line) and HadRM control and SRES A1B scenario (solid
gray line) of low climate sensitivity data sets

 

Figure 5.31.: Occurrence frequencies of combined dry CPs for observational gridded
(solid black line) and HadRM control and SRES A1B scenario (solid
gray line) of normal climate sensitivity data sets
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Figure 5.32.: Occurrence frequencies of combined wet CPs for observational gridded
(solid black line) and HadRM control and SRES A1B scenario (solid
gray line) of normal climate sensitivity data sets

 

Figure 5.33.: Occurrence frequencies of combined dry CPs for observational gridded
(solid black line) and HadRM control and SRES A1B scenario (solid
gray line) of high climate sensitivity data sets
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Figure 5.34.: Occurrence frequencies of combined wet CPs for observational gridded
(solid black line) and HadRM control and SRES A1B scenario (solid
gray line) of high climate sensitivity data sets

Spatial maps of wetness indices of three sets of HadRM SRES A1B scenario for
winter and summer are presented in AppendixB Section B.3. Spatial distributions
of wetness indices vary slightly in some cases and considerably in others. CP08 which
is very dry in observational gridded data set is not that dry in HadRM contr ol and
SRES A1B low climate sensitivity runs in winter. Similarly CP16 is more wetter in
SRES A1B low climate scenario in winter than it is in observational gridded data
set or HadRM control run. Comparing summer distributions of wetness indices dif-
ferences can be seen for CP11, CP12 and CP14 where they are more drier in A1B
scenario than either observational and control data sets. Inter-season di�erences are
also visible, specially for CP16 and CP17 which are markedly wetter insummer than
in winter. Normal climate sensitivity run related spatial maps are shown in Figure
B.13 for winter and Figure B.14 for summer. CP08 is less drier both in control and
SRES A1B normal sensitivity scenario. CP04 which is uniformly wet throughout the
catchment in winter for observational gridded data set is progressively decreasing in
uniformity of wetness from control run to normal climate sensitivity run. Inter-season
di�erences are dominant in wet CPs of CP16 and CP17, where they are consider-
ably wet in summer than in winter and for dry CPs of CP08 and CP10, which are
considerably dryer in summer than in winter. This particular featu re of inter-season
di�erence is well captured in all three climate sensitivity run s of HadRM. Figure
B.15 and Figure B.16 showing the spatial maps of wetness indices for high climate
sensitivity runs of HadRM SRES A1B scenario for winter and summer respectively,
depicts the same spatial behavior as was shown by the other scenario runs.

The di�erences between the three climate sensitivity runs of HadRM are not very
large. There are subtle di�erences but they are more in CPs which arenot classi�ed
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as extreme wet or dry CPs. For example comparing the three sets of �gures for
summer, one can see di�erences for CP01 and CP06 for summer which are getting
drier in intensity over the catchment when moving from low climate sensitivity to
high climate sensitivity . Both the CPs are not extreme CPs, CP01 is closer to dry
CPs in its anomaly map structure and CP06 to wet CPs. The spatial structure of
wetness indices in winter are surprisingly identical. Even when comparing the small
details of local intensities of wetness indices for each CP in the region, there seem to
be quite good convergence between the results.

5.2.2. OPAQUE catchments classi�cation

The results presented in this section are related to the head catchments that are
brie
y described in Chapter 4, Section 4.1.1. The main objective of this study was
to identify critical circulation patterns responsible for creatin g 
ood like situation
in the head catchments. The four head catchments of upper Danube, Iller, Alb and
Weisseritz are studied for critical wet CPs and the resulting circulation patterns are
used in statistical downscaling explained in Chapter3, Section 3.3.1.

5.2.2.1. Upper Danube catchment classi�cation

The same set of circulation patterns classi�cation obtained in Section5.2 has been
used of Upper Danube catchment owing to the same area of interest. Validation of
the classi�cation is performed by analyzing daily precipitation data of seven precip-
itation stations of upper danube catchment (for precipitation station details, please
refer to Table 4.1). Important statistics obtained from validation (1971-1991) and
averaged over all the seven precipitation stations are shown in Figure5.35. CP03,
CP04, and CP17 comes out to be the most wettest CPs for Upper Danube catchment
both in winter and summer. These CPs were also identi�ed as wet CPsin valida-
tion process of ENSEMBLES RT5 observational gridded data set for German part of
Rhine basin. Figure 5.35 also displays mean and maximum precipitation associated
with wet CPs for both winter and summer half years. It can be seen that the di�er-
ence between winter and summer mean and maximum precipitation for CP03, CP04
and CP09 is considerable. CP17 related values on the other hand, seem to be much
closer together regardless of the season. CP03 and CP04 are more wet in winters
than in summer while CP09 which is also a wet CP, is more wet in summer. CP17
remains wet both in winter and summer. Mean sea level pressure anomaly maps for
these CPs can be seen in Figure5.7.

Figure 5.35 displays the precipitation associated with winter 
oods of 1990 and
1995 in upper Danube catchment along with associated CPs. It can be seen that
almost all the days with peak precipitation values are associated with CPs which are
classi�ed as wet CPs. Additionally the days prior to occurrence of peak precipitation
are also associated with extreme wet classi�ed CPs.

103



5. Results-Circulation pattern classi�cation

 

Figure 5.35.: Basic CP statistics averaged over all precipitation stations of Upper
danube catchment for winter (black circles) and summer (gray circles).
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Figure 5.36.: Daily total precipitation over 7 precipitation stations of Upp er Danube
catchment associated with the winter 
oods of 1990 (in Black) and
1995 (in Gray). Associated CPs are marked as well. Only January and
February days are included.
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5.2.2.2. Alb catchment classi�cation

17CP classi�cation obtained from extreme hydrological condition (Section 5.2) is
used for Alb catchment as well. Figure5.40 displays the important CP statistics
validated through Alb precipitation. 5 precipitation stations (Table 4.4) were used
for analysis from 1961-2000. The values shown in Figure5.40are averaged over these
precipitation stations. In terms of wetness indices the results look quite similar to
the ones obtained for Upper Danube catchment. Owing to the proximity of two
stations the patterns look very similar and the same set of CPs i.e. CP03,CP04
and CP17 are the most wettest CPs. Mean and maximum precipitation associated
with each CP are also shown in Figure5.40 and it can be seen that the di�erence
between winter and summer mean precipitation is not as large as was the case in
Upper Danube catchment classi�cation. Probability of precipitation oc curring in
presence of a wet CP and contribution to total precipitation are higher in winter
than in summer. Precipitation associated with summer 
ood of 1998 is shown in
Figure 5.37 along with the associated CPs. Classi�ed wet CPs can be clearly seen
associated with the days with maximum precipitation and days prior to occurrence
of precipitation peak. CP09 and CP16 are also marked in this �gure as they arealso
identi�ed wet CPs.

 

Figure 5.37.: Daily total precipitation over 5 precipitation stations of Alb catchment
associated with the summer 
ood of 1998 . Associated CPs are marked
as well.
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Figure 5.38.: Basic CP statistics averaged over all precipitation stations of Alb catch-
ment for winter (black circles) and summer (gray circles).
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5.2.2.3. Iller catchment classi�cation

Although wetness indices calcualted from Iller catchment's precipitation stations are
on slightly lower side, yet the distinction between wet and dry CPs is very clear.
CP03, CP04, CP05, CP16 and CP17 are the most wet CPs while the rest are clearly
dry CPs. Averaged CP statistics over 10 precipitatin stations (for precipitation
stations used, please refer to Table4.3). Validation for 17 CP classi�cation was
performed from 1961-2000. Surprisingly CP05 also turns out to be one of the wet
CPs. This CP was not classi�ed as wet CP either in previous two head catchments
nor when classi�cation was performed for ENSEMBLES RT5 observational gridded
data set of German part of Rhine basin. Probability of ocuurrence of rain with CP05
is higher than with CP16 and CP17 which were wet CPs in all the previouscases.
Similarly it contributes more to total precipitation increase than CP 04, CP16 and
CP17. Figure 5.39 displays total daily precipitation over 10 precipitation stations
associted with two historical 
ood events of 1999 and 2005 along with the CPs. Again
wet classi�ed CPs seem to active on these critically wet days.

 

Figure 5.39.: Daily total precipitation over 10 precipitation stations of Il ler catchment
associated with summer 
oods of 1999 (in Black) and 2005 (in Gray).
Associated CPs are marked as well.
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Figure 5.40.: Basic CP statistics averaged over all precipitation stations of Iller catch-
ment for winter (black circles) and summer (gray circles).
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5.2.2.4. Weisseritz catchment classi�cation

CP04, CP05, CP16 and CP17 are most wet CPs for weisseritz catchment. CP03,
which was wettest CP in all cases of classi�cation so far is taken over byCP04 as
wettest CP. All of these wet CPs have higher wetness indices in winter than summer
except CP17 which has opposite behaviour. Additionally there are certain CPs for
example CP09 and CP15 which show big di�erence in wetness index values between
summer and winter. Both these CPs have extremely low wetness index in winter
making them almost dry CPs, but in summer they are reasonably wet. This is also
shown in Figure 5.41 where precipitation corresponding to summer 
ood of 2002 is
plotted along with the associated CPs. It can be seen that in addition tothe wet CPs
that are active on peak precipitation days in this 
ooding event, CP15 and CP09 are
occuring on days prior to extreme precipitation day. Additionally C P conditioned
maximum precipitation shown in Figure 5.42also con�rms this, where the di�erence
between winter and summer maximum precipitation for some CPs is exceptionally
great.

 

Figure 5.41.: Daily total precipitation over 7 precipitation stations of We isseritz
catchment associated with August 
oods of 2002 . Associated CPs
are marked as well.
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Figure 5.42.: Basic CP statistics averaged over all precipitation stations of Weisseritz
catchment for winter (black circles) and summer (gray circles).
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5.3. Conclusions

The new optimization methodology for classi�cation and identi�cation of ci rcula-
tion patterns, developed in this thesis is applied in this chapter. The classi�cation
obtained from precipitation and discharge data of Baden W•urttemberg was applied
to several smaller head catchments of Germany and to the number of data sets ob-
tained from three di�erent RCMs for German part of Rhine basin. This served as
the validation of the process and the results prove the methodology tobe e�ective
and robust for classi�cation of circulation patterns. The identi�ed ex treme wet and
dry CPs remained the same in di�erent cases with slight changes in wetness index
and occurrence frequency. The observed extreme events of 
oodsand droughts were
clearly identi�ed by the classi�cation with almost all 
oods occurr ing simultaneously
with identi�ed extreme wet CPs. In majority of the cases the preceding days of
maximum 
ood were also classi�ed as extreme wet CP day. This makes the classi�-
cation important for forecasts and warnings. Additionally this also re
ect that the
natural phenomena of clustering of wet days is well represented andcaptured by the
classi�cation system. The same classi�cation is also analyzed for droughtyears and
the extreme summer heat waves of European continent during 1976 and 1991 are
well captured by identi�ed extreme dry CPs. The single classi�cation can thus be
used for identi�cation of both wet and dry conditions.
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6.1. Preface

This Chapter presents the results obtained from application of the downscaling
methodologies presented in Chapter3. Multivariate statistical downscaling tech-
nique presented in Section3.3.1 is applied to OPAQUE classi�ed data while bias
correction method presented in Section3.3.2 is applied to ENSEMBLES gridded
data sets of all the RCMs.

6.2. Downscaling based on bias correction in RCMs using
quantile-quantile exchange of simulated variables

The need of downscaling of di�erent variables simulated by GCMs fromglobal scale
to local scale was presented in Chapter2. Two main methodologies adopted for
downscaling were also presented along with the shortcomings of each oneof them.
Section 2.2.1.1 speci�cally penned down the shortcomings associated with dynami-
cal downscaling. One of the most serious and well reported drawback of dynamical
downscaling is the transfer of bias from global to local scale. GCMs are inheritly
biased and it is but natural for RCM, run by certain GCM to inherit thi s bias.
In spite of this drawback, the output of RCMs (specially if outcome is precipitation
and/or temperature) is �nally used in hydrological and/or impact assessment models
which at the minimum could be described as questionable approach. Theapproach
is questionable because hydrological cycle is known to be highly non linear and same
climatic signal applied to a biased baseline could produce completely di�erent hydro-
logical signal. Given that regional hydrology is extremely sensitive to precipitation
and temperature ( in some cases temperature is conditioned upon the presence or
absence of precipitation), small biases may change the whole hydrologicalequilib-
rium.

Di�erent RCMs produce di�erent simulation of di�erent hydrologic al and meteo-
rological variables. Unfortunately the accuracy of these simulations, specially in case
of precipitation and temperature, are not that accurate. Example of this in terms
of mean daily wet day precipitation for winter and summer is shown in Figure 6.1
and Figure 6.2 respectively. For German part of Rhine basin three RCMs studied in
this thesis produce di�erent realization of precipitation. It can b e seen that neither
spatial patterns nor amounts of precipitation are modeled adequately. AllRCMs are
considerably di�erent from observational gridded data set and also from each other.
Perhaps because of the biases that each model inherit from its parent GCM. The
goal of bias corrected downscaling is thus to bring the bias to some reasonable limit
by relating the distribution of precipitation amounts generated by RCMs during the
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control runs with the distribution of observed amounts. For the futur e scenario runs
of each RCM then, this \corrected" quantile of control run is used to develop a new
future scenario. Given that the bias of the model would have been corrected in the
�rst step, it is believed that the future scenario would be more plausible.

 
 

Observational gridded data set 
 

 
 

RACMO 

 

REMO 
 

 

HadRM 

Figure 6.1.: Mean daily wet day precipitation of observational gridded dataset and
RACMO, REMO and HadRM RCMs. Averages are calculated for winter
from 1961-1991.
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Figure 6.2.: Mean daily wet day precipitation of observational gridded dataset and
RACMO, REMO and HadRM RCMs. Averages are calculated for sum-
mer from 1961-1991.
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Circulation patterns for control period of each RCM were presented inChapter
5, Section 5.2.1.2, Section 5.2.1.3, Section 5.2.1.4 for RACMO, REMO and HadRM
respectively. Figure 6.3 and Figure 6.4 display the wetness indices for wet and dry
CPs for observational gridded data set and control runs of three RCMs. Comparing
with Figures 6.1 and Figure 6.2 of precipitation amounts, it can be seen that wetness
indices maps of wet and dry CPs are more skillfully represented in RCMs. Conversely
one can also say that CPs can successfully capture the same behavior foreach RCM.
Thus conditioning the bias correction on CPs would bring more robust downscaling
results.

 
Observational gridded data set 

 
 

RACMO 

REMO 

 

HadRM 
 

Figure 6.3.: Wetness index maps of wet CP (CP04) for observational, RACMO,
REMO and HadRM control runs.

Two approaches are considered for the application of the above idea. One isde-
velopment of relationship between quantiles of observational gridded data and RCM
generated precipitation amounts without any additional condition on any of the two
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Observational gridded data set 

 

 
RACMO 

 

REMO 
 

HadRM 
 

Figure 6.4.: Wetness index maps of dry CP (CP02) for observational, RACMO,
REMO and HadRM control run.
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quantiles, called as \Universal approach" and the second one is the development of
relationship conditioned on circulation pattern called \CP based approach". The
reason of conditioning the development of relationship on circulation pattern is that
circulation patterns represents di�erent climatic conditions in terms of precipitation
amount skillfully and thus by adding this information the relationshi p between the
amounts of observational gridded data set and RCM control run would be more rep-
resentative. In both the approaches, Weibull distribution, de�ned in section 3.3.2, is
�t to the precipitation amounts for each grid point, season and dataset. The scale
parameter � and shape parameter� are shown for each data set in Figure6.5. As
mentioned earlier, the scale and shape parameter controls the spread andshape (ap-
pearance) of the distribution. It can be seen that for observational gridded data
set (bold solid blue for winter and bold solid red for summer) the shapeparameter
consistently hover around value 1 for each station in both seasons, thus following a
distribution very close to exponential. As expected the RCM generated precipita-
tion's distribution parameters for control period are di�erent than t he observed ones.
RACMO, REMO and HadRM based parameters are shown in �rst, second and third
row. It can also be noted that while in case of observational precipitationamounts
the shape and scale parameters are not that far away from each other for winter
and summer, in case of RCMs the di�erences between summer and winter values are
considerable.
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Figure 6.5.: Shape (left column) and scale (right column) parameters for RACMO (top row), REMO (middle row) and HadRM (bottom
row) RCMs for each station. Parameters are estimated for Winter (blue) and Summer (red) seperately. Observational
gridded data set is represented in bold solid line, control run in solid line and SRES A1B scenario (2001-2030) in dashed
line. Parameter values of SRES A1B scenario for time period 2069-2099 are shownin dashed line with symbols.
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Before the results of downscaling are presented and analysis are made,Figure 6.6 is
presented which shows the distribution of observed and RCM modeled precipitation.
This �gure is shown as an example of substantial di�erences between the models sim-
ulation for control runs and observational gridded data set. Considering also Figures
6.1 and 6.2 one can conclude that not only RCMs have problems in simulating spa-
tial patterns and amounts but also grid point based distributions. This discrepancy
is further translated to the simulations of future scenarios. The quantile-quantile
method of downscaling is supposed to bring this discrepancy to reasonable limits.

 

Figure 6.6.: Precipitation distributions for Grid point 2 (selected randomly, grid
point shown in Figure 6.7 ) of observational (solid Green color) and
RCMs gridded data sets for winter. RACMO is shown in red, REMO
in black and HadRM in blue. Control runs are shown in solid lines and
SRES A1B scenario (2001-2031) in dashed. For observational and RCM
control data sets, the time period is from 1961-1991.

The results from both \universal" and \CP based" approaches for downscaling
are analyzed by considering each of 172 grid points in German part of Rhine basin
independently and also by delineating smaller catchments insidethe German part
of Rhine basin and considering their areal properties. For the grid point analysis,
the results are mostly presented for the grid points shown and labeled in the left
panel of Figure 6.7. These grid points are selected in di�erent areas (and di�erent
sub catchments) of German part of Rhine basin exhibiting di�erent hydrological
properties. The right panel of the same �gure shows the grid points associated with
smaller sub catchments of German part of Rhine basin. The areal properties are
calculated for these sub catchments.
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Figure 6.7.: Selecting grid points (shown in the left as labeled plussigns) for point
based analysis and sub catchments (to the right sub catchment Main is
shown as black dots, Necker as plus sign, Rhineland-Pfalz as crosses and
Nordrhein-Westfalen as stars) for areal based analysis of the downscaled
data

For grid point based analysis, measures such as annual maximum precipitation and
annual precipitation sums are calculated for downscaled precipitationseries while for
catchment scale analysis, average areal precipitation sums, maximum areal precip-
itation sums and antecedent precipitation index are calculated. While average and
maximum areal precipitation measures, portray the wet situations in the model sim-
ulated and downscaled scenarios, antecedent precipitation index represent the dry
situation in the two series. Antecedent precipitation index (API) can be formulated
as:

AP I (x; t ) = �AP I (x; t � 1) + Z (x; t ) (6.1)

For a certain day t and location x, API indicate dry situation by considering
precipitation Z(x,t) . Lower API values would indicate drought situation and by
considering minimum API values for two series, the drought situationin original and
downscaled series can be compared.

6.2.1. Grid point based analysis

Figure 6.8 displays annual maximum daily precipitation for all RCMs from 2001 to
2030 (in upper panel) and from 2070 to 2099 (in lower panel) for randomly selected
grid point 2 (left) and 49 (right). It can be seen that all RCMs understandably
produce di�erent annual maxima.Both universal downscaling approach and CP con-
ditioned downscaling approach tends to lower the annual extreme of precipitation for
each RCM. CP conditioned downscaling reduces the annual maximum precipitation
more than universal downscaling approach. Comparing the two time periods it can
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also be seen that annual maximum daily precipitation tend to touch higher precip-
itation amounts more frequently in later time periods than in earlier time periods.
Looking at the annual precipitation sums represented in Figure6.9, one can see a big
di�erence in raw RCM scenarios. HadRM and REMO models predicts considerable
wet years than RACMO for grid point 85 located close to Lake constance in southern
Germany. The downscaling process reduces the annual precipitation amounts of all
RCMs to almost the same level.
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Grid point 2 (2070-2099) 
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Grid point 49 (2001-2030) 
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Grid point 49 (2070-2099) 

Figure 6.8.: Annual maximum precipitation plots of raw and downscaled precipita-
tion scenarios for all RCMs. RACMO is in red, REMO in black and
HadRM in blue. Plots obtained from universal downscaling application
are shown with dots as symbol while CP conditioned downscaling based
results are shown with plus sign as symbol.
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Grid point 85 (2001-2030) 
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Grid point 85 (2070-2099) 
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Grid point 166 (2001-2030) 
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Grid point 166 (2070-2099) 

Figure 6.9.: Annual total precipitation plots of raw and downscaled precipitation
scenarios for all RCMs. RACMO is in red, REMO in black and HadRM
in blue. Plots obtained from universal downscaling application are shown
with dots as symbol while CP conditioned downscaling based results are
shown with plus sign as symbol.
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6.2.2. Sub catchment based analysis

To consider the e�ects of downscaling on sub catchments of German partof Rhine
basin, areal precipitation and antecedent precipitation index (API) were calculated
for four di�erent areas within larger basin. Yearly maximum areal precipitation and
minimum API are shown for time period 2001-2030 and 2070-2099 for all RCMs,
downscaled scenarios and observational gridded data set in Figure6.10to Figure 6.13.
Maximum areal precipitation portrays the extreme wet situation whil e minimum
API shows the driest situation within the area. It can be seen that all models show
increase in absolute value of maximum areal precipitation for all four areas from
2001-2030 to 2070-2099.Additionally unlike the downscaling e�ect on grid point based
yearly maximum precipitation values where mostly the extreme values were reduced,
the downscaling a�ect here on areal based maximum yearly precipitationis di�erent.
In some cases (e.g. RACMO in Figure6.10 for Main catchment) the downscaling
increase the areal maximum yearly precipitation values (for 2016) and in somecases
decrease the amount (2005). The e�ect of downscaling process on minimumAPI
index is not signi�cant for time period between 2001-2030. But for time period 2070-
2099 the two downscaling processes tend to di�er much from each other. HadRM is
more sensitive to CP conditioned downscaling process than RACMO and REMO.
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Figure 6.10.: Maximum areal precipitation of raw and downscaled precipitation sce-
narios of all RCMs and for selected sub catchments within German part
of Rhine basin . RACMO is in red, REMO in black and HadRM in
blue. plots obtained from universal downscaling application are shown
with dashed lines while CP conditioned downscaling based resultsare
shown with plus sign as symbol. All results are based on time period
2001-2030
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Figure 6.11.: Maximum areal precipitation of raw and downscaled precipitation sce-
narios of all RCMs and for selected sub catchments within German part
of Rhine basin . RACMO is in red, REMO in black and HadRM in
blue. plots obtained from universal downscaling application are shown
with dashed lines while CP conditioned downscaling based resultsare
shown with plus sign as symbol. All results are based on time period
2070-2099
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6.2. Bias correction using quantile-quantile exchange
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Figure 6.12.: Minimum API of raw and downscaled precipitation scenarios ofall
RCMs and for selected sub catchments within German part of Rhine
basin . RACMO is in red, REMO in black and HadRM in blue. plots
obtained from universal downscaling application are shown with dashed
lines while CP conditioned downscaling based results are shown with
plus sign as symbol. All results are based on time period 2001-2030
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Figure 6.13.: Minimum API for raw and downscaled precipitation scenariosfor all
RCMs and for selected sub catchments within German part of Rhine
basin . RACMO is in red, REMO in black and HadRM in blue. plots
obtained from universal downscaling application are shown with dashed
lines while CP conditioned downscaling based results are shown with
plus sign as symbol. All results are based on time period 2070-2099
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6.3. Autoregressive multivariate CP conditioned downscaling

6.3. Downscaling based on CP conditioned Autoregressive
multivariate technique considering Moisture Flux

This downscaling methodology is applied to OPAQUE catchments for precipitation
forecast (for information regarding catchment and precipitation stations therein,
please refer to Chapter ch:A, Section A:catch:opaque). The methodologyis based
upon multivariate autoregressive model. The components of the model such as pre-
cipitation occurrence and precipitation amount are explained in Chapter 3, Section
3.3.1. The circulation pattern classi�cation obtained earlier and explained in Section
5.2 is used here as well. Given that the circulation patterns were classi�ed based on
completely independent data set, the downscaled precipitation simulations discussed
below can be taken as kind of validation.

In addition to MSLP, Moisture 
ux (MF) is also used as large scale predictor.
Moisture 
ux is the product of geostrophic wind and speci�c humidit y at a given
location. U and V components of wind and MSLP is obtained from NCEP NCAR
reanalysis data. Reanalysis data provideU and V components of wind at di�er-
ent pressure levels. To �nd out the most appropriate pressure level for MF, Yang
et al. (2010) analyzed correlation between local rainfall events and MF calculated at
di�erent levels. MF calculated at 700 hpa. was found to strongly correlated with
precipitation comparing with other levels. Given that the area of interest in both
studies is almost the same, the MF at 700 hpa. is also used here as large scalepre-
dictor.

The methodology is further improved in this thesis and it is now possible to have
multiple realizations of daily precipitation amount. This way it would be possible to
carry out uncertainty analysis on predicted results. Downscaling is performed for all
OPAQUE catchements, but the results are only shown for Upper Danube and Alb
Catchments.

6.3.1. Upper Danube Catchment

Information about Upper Danube catchment and precipitation stations therein are
presented in Section4.1.1. Simulations are performed from 1971-1991. All the
precipitation stations in upper Danube catchment are located approximately at
48� 05038:6400N, 08� 15055:9000E. MF is calculated at 47� 300N, 09� 300E for all the sta-
tions. Figure 6.14 presents mean and variance of observed and simulated precipita-
tion for summer and winter for all precipitation stations. The �gure cont ains the
simulations made with and without considering MF. It can be seen that multiple
simulations made considering MF are more closer to the observed values. The dif-
ference between simulations made with and with out considering MF are more clear
in the variance of precipitation.

Figure 6.15shows monthly precipitation sums of observed and simulated precipita-
tion for four of the upper Danube precipitation stations. The di�erenc e between two
simulation methodology is quite evident in this �gure. Observed monthly precipita-
tion sums are almost without exception bounded by the multiple simulations made
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Figure 6.14.: Mean and variance of observed and simulated precipitation of allpre-
cipitation stations of upper Danube catchment for summer and winter
season. Dark black cross represent observed values, light black repre-
sent simulation without considering MF, while gray crosses represent
multiple realizations of precipitation considering MF.
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6.3. Autoregressive multivariate CP conditioned downscaling

considering MF. The downscaling methodology is able to capture the seasonal vari-
ability of precipitation amounts whether the simulations are made with or without
considering the MF. The multiple realizations of MF considered simulation addition-
ally gives the information about the possible range of monthly precipitation amounts.
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Figure 6.15.: Monthly observed and simulated precipitation sums of four precipita-
tion stations of upper Danube catchment. Solid black line represent
observed values, dashed black line represent simulation without consid-
ering MF, while gray lines represent multiple realizations of precipita-
tion considering MF.

Figure 6.16 �nally compares yearly areal observed and simulated precipitation.
Areal precipitation is calculated from gauge precipitation as:

AP i =
tot:st: iX

j =1

Pij

tot:st: i
(6.2)

Where AP is areal precipitation in units [mm] for certain catchment i , tot:st:
is total number of precipitation gauge station located in catchment i and P is the
precipitation amount in [ mm].
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Yearly observed and simulated areal precipitation of Upper Danube catchment
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Figure 6.16.: Yearly observed and simulated areal precipitation sums of upper
Danube catchment. Squares represent observed values, circles repre-
sent simulation without considering MF, while gray triangles represent
multiple realizations of precipitation considering MF.
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6.3. Autoregressive multivariate CP conditioned downscaling

6.3.2. Alb Catchment

Downscaling was performed from 1971-1991 for Alb catchment. The precipitation
stations used in Alb catchments are tabulated in Table4.4. The mean precipitation
amounts and variance of precipitation of simulated precipitation are shown in Figure
6.17. The results show that both the statistics are nicely captured by the downscaling
methodology for all catchments and for winter and summer. Unlike upper Danube
catchment results, where winter precipitation variance was not simulated adequately
for some of the catchments, here the same is simulated e�ciently for all stations.
Monthly precipitation sums and areal precipitation for the catchment shown in Figure
6.18and Figure 6.19 respectively are also e�ciently simulated. The additional e�ort
of including moisture 
ux as additional predictor in the downscaling process can
be justi�ed by considering Figure 6.20. The �gure displays, as an example, the
basic statistics of summer precipitation of four precipitation stations. It can be seen
that the basin statistics based on MF conditioned downscaling process are more in
agreement with the observed precipitation than they are with the simulation where
MF is not considered.
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Figure 6.17.: Mean and variance of observed and simulated precipitation of allpre-
cipitation stations of Alb catchment for summer and winter season.
Dark black cross represent observed values, light black represent sim-
ulation without considering MF, while gray crosses represent multiple
realizations of precipitation considering MF.
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Figure 6.18.: Monthly observed and simulated precipitation sums of four precipita-
tion stations of Alb catchment. Solid black line represent observed
values, dashed black line represent simulation without considering MF,
while gray lines represent multiple realizations of precipitation consid-
ering MF.
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Yearly observed and simulated areal precipitation of Alb catchment
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Figure 6.19.: Yearly observed and simulated areal precipitation sums of Albcatch-
ment. Squares represent observed values, circles represent simulation
without considering MF, while gray triangles represent multiple real-
izations of precipitation considering MF.
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Figure 6.20.: Observed and simulated (with and with out considering MF) precipi-
tation statistics of Alb precipitation stations for Summer.
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7. Drought Analysis

7.1. Preface

Reference was made to drought as one of the manifestation of extreme hydrological
situation in chapter 1. Comparing with 
oods, the other manifestation of extreme
hydrological situation, drought situation are di�cult to be represente d in precipi-
tation simulations. A reference to this di�culty was also made durin g circulation
pattern classi�cation methodology in Chapter 3 where it was mentioned that classi�-
cation of circulation patterns for drought situation can not be e�ciently m ade owing
to complex nature of droughts. Floods can directly be associated withextreme short
events of precipitation which is a measurable and observable meteorological event.
Droughts on the other hand are di�cult to be directly associated with an y one of
meteorological event. Rather it is a result of occurrence of some and non occurrence
of other meteorological events over a long period of time.E.L.Tate and Gustard
(2000) acknowledges that there is no universally accepted de�nition of drought and
that the de�nition of drought strongly depends upon the region in which i t is con-
sidered and on the aim of the study for which it is considered. Di�erent de�nitions
have been put forward for droughts and similarly number of measures or indices have
been developed to characterize drought situations.T.A.McMahon and Diaz (1982)
de�ned drought as \a period of abnormally dry weather su�ciently prolonge d for
the lack of precipitation to cause a serious hydrological imbalance, carrying conno-
tations of a moisture de�ciency with respect to man's usage of water". As can be
noted this de�nition circumscribes a lot of areas and needs clari�cation for words
like \abnormally",\su�ciently",\lack",\serious" etc. Clari�cation of all t hese terms
would clearly make drought de�nition more complex. In the following di �erent kinds
of droughts classi�ed in literature and some frequently used drought indices are out-
lined.

7.2. Classi�cation of droughts and frequently used indices

Drought is site speci�c phenomena in that if certain precipitation de�cit is con-
sidered as a drought onset criteria at certain place than the same criteria can not
be directly applied to other areas as drought indicator. A classi�cation of di�erent
types of droughts thus should consider its type, intensity, duration and spatial extent
in conjunction with its perceived impact ( E.L.Tate and Gustard, 2000). Following
categories of drought are usually found in literature.

7.2.1. Climatological drought

Climatological droughts are usually de�ned on the basis of precipitation de�cits.
Previously de�ned site speci�c precipitation limits are considered as threshold values
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7. Drought Analysis

along with the duration taken to reach this limit. Once these limits are crossed,
climatological drought is declared to be on. The main advantage of this type of
classi�cation is that it only needs precipitation as input meteorological variable.
Comparing with other variables like temperature and evapotranspiration, longer ob-
servation records for precipitation can easily be found. The draw back ofusing
precipitation de�cit based drought de�nition is that antecedent mois ture conditions
are not taken into account. Laux (2008) used e�ective precipitation based drought
index for drought studies for Volta basin in West Africa. Although e�ecti ve precipi-
tation is more useful than pure precipitation based indicators but then again one is
in need of available evapotranspiration data. Palmer drought severity index (PDSI)
(W.C.Palmer, 1965), (sec. 7.3) is one the most widely used drought severity index
that uses precipitation as drought indicator along with other data. Number of other
indicators have been developed based on PDSI and used around the world.Other
indicators based on precipitation anomalies have also been developed inareas where
precipitation is normally received at fairly frequent interval. For example Hulme
(1996) plotted precipitation trends from 1900 to 1995 as percent anomalies from
1961-90 average. Similarly Welsh National Water development Authority gauged
Wales drought of 1975-1976 as percentage of average of 1941-1970 period (Anon,
1977).

7.2.2. Hydrological drought

Hydrological droughts are sub divided usually in stream 
ow drought and ground
water drought. The e�ect of hydrological drought usually lag behind in ter ms of its
�rst appearance in time series than climatological and Agro-Meteorological droughts.
Stream 
ow droughts are primarily related to the e�ect of precipitati on de�cit on sur-
face and subsurface water supply. Flow frequency curves (Ben-Zvi, 1987), Gumbel's
extreme minimum 
ow analysis (T.J.Chang and Stenson, 1990) and discrete markov
analysis (Sen, 1980) are some of the methods that are used to describe drought based
on stream 
ow.

Ground water drought on the other hand is represented by lower than average
annual recharge for more than one year. Ground water drought characterization is
highly subjective and comparing with its importance as a water source,its considera-
tion in drought study is very minimal. Calow et al. (1999) and van Lanen and Peters
(2000) uses ground water drought indices for ground water management strategies
which are primarily dependent upon ground water levels. Three kindof parameters
can be investigated for ground water characterization i.e. recharge, groundwater
level and ground water discharge. Hydrological drought is out of phase with cli-
matological and agro-meteorological drought, and ground water drought is slower
component of hydrological drought cycle. Given its slow reaction to natural precip-
itation and temperature inputs, only major droughts would show up as a ground
water drought.

7.2.3. Agro-Meteorological drought

As the name suggests this classi�cation of drought primarily deals with agriculture. It
links various categories of meteorological and hydrological droughts to its impacts on
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7.3. Palmer drought severity index (PDSI)

agriculture out put. Any water de�ciency in the soil (root zone) that is going to a�ect
the normal cropping behavior in certain area is considered as Agro-meteorological
drought. As such this kind of drought usually use indicators based on soil water and
di�erences between actual and potential evapotranspiration for drought onset. The
de�ciency in root zone is expressed by the water content of the soil pro�le per meter
depth. Di�erent indices have been developed to cater for the de�nition of onset of
agro-meteorological drought. FAO water satisfaction index (Fr�ere and Popov, 1979)
is used for crop monitoring and yield prediction and make use of 10 day based soil
moisture balance indicator. Although this measure is used in di�erent studies but
number of short comings of this indicator have been documented byE.L.Tate and
Gustard (2000). Petrasovits (1990) uses the so called agrohydropotential of certain
crop which is a ratio of actual water consumption and the optimal water requirement
of a crop. The advantage of this index is that it is possible to prepare comparative
drought prognoses for any crop and also to estimate the degree of drought suscepti-
bility by the frequency of occurrence (Petrasovits, 1990).

7.3. Palmer drought severity index (PDSI)

Previous section outlined di�erent kinds of classi�cation of droughts and associ-
ated drought indices used. Perhaps the most used and best known among them is
Palmer drought severity index (PDSI). PDSI is a meteorological drought index and
W.C.Palmer (1965) de�ned drought period as \an interval of time, generally of the
order of months or years in duration, during which the actual moisture supply at
a given place rather consistently falls short of the climatically appropriate moisture
supply". Based on this de�nition and the fact that PDSI takes into account evapo-
transpiration and soil moisture conditions in addition to precipitation , the PDSI
can also be used as hydrological drought index as noted byFieldhouse and Palmer
(1965). The index can be related to water supplies in streams and rivers and hence
be of interest equally for hydrologists, meteorologists and climatologists. The main
advantage of PDSI is that it is a standardized drought index and can be readily
compared with the same index calculated in other regions.

The PDSI is based on water balance equations on monthly or weekly basis. The
underlying concept is that the amount of precipitation required for t he near nor-
mal operation of the established economy of an area during some stated period is
dependent on the average climate of the area and on the prevailing meteorological
conditions both during and preceding the period under consideration (E.L.Tate and
Gustard, 2000). The weighted di�erence between actual precipitation and required
precipitation for certain area is accumulated and related with severity index. In
addition to its ease in comparison with PDSI calculated in other areas, PDSI is use-
ful in the sense that it can be used for identifying wet situations aswell. PDSI is
widely used in USA and is routinely calculated by the NOAA (National Oceanic and
Atmospheric Administration) for all the states. Additionally the inde x is also used
by private industry for real-time drought management and planning (Karl , 1991).
Based on the PDSI concept following indices have been developed;

1. Palmer drought severity index (PDSI)
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2. Palmer hydrological drought index (PHDI)

3. Monthly moisture anomaly index (ZINX)

4. Colorado Palmer Drought index (CPDI)

These indices respond di�erently to changes in supply and demand for moisture
and thus represent di�erent kinds of droughts. ZINX is used primarily for agri-
cultural drought, CPDI is developed for areas with lower elevations while PHDI is
modi�ed form of PDSI that is used for drought impacts on river 
ow, ground water
availability and lake or reservoir levels. All these variables are derived from water
balance equations with complex calculation procedures. A brief review of the proce-
dure for 1 month time step is given here which is based directly on original paper of
W.C.Palmer (1965).

For each month of the year, four values are computed related to the soil mois-
ture along with with their complementary potential values. The eight values are
computed assuming a two stage bucket model of the soil and the computedvalues
are evapotranspiration (ET) and potential evapotranspiration (PE), recharge (R)
and potential recharge (PR), runo� (RO) and potential runo� (PRO), loss ( L) and
potential loss (PL). Thornthwaite's ( Thornthwaite , 1948) method of calculation of
potential evapotranspiration is used. The upper layer is assumed to hold 25mm of
water. The potential values are weighted according to the climate of thearea using
� , � , 
 and � to obtain the so called climatically appropriate for existing conditions
(CAFEC) potential values. The four coe�cients are called water- balance coe�cients
and are found as follows:

� i =
ETi

PEi
(7.1)

� i =
Ri

PRi
(7.2)


 i =
ROi

PROi
(7.3)

� i =
L i

PL i
(7.4)

Where i is the month and the bar over the values suggest an average value over all
the time period. From potential values and water-balance coe�cients the so called
CAFEC precipitation P̂ is calculated which is assumed to represent the amount of
precipitation needed to maintain a normal soil moisture level for certain month.

P̂ = � i PE + � i PR + 
 i PRO � � i PL (7.5)

Moisture departure thus is then the di�erence between actual precipitation P fell
in a speci�c month and P̂.

d = P � (� i PE + � i PR + 
 i PRO � � i PL) (7.6)
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7.4. Application of PDSI to raw RCM and downscaled RCM data

The moisture departure d is mainly used in calculating PDSI for di�erent regions
and for di�erent times. Given that same d will mean di�erent things at di�erent
times and location, straight forward comparisons could not be made. To correct for
this W.C.Palmer (1965) suggest weightingd with K , the climatic characteristic. K
corrects for the deviations in values ofd due to climate of the region. The resulting
index is called moisture anomaly index and is the measure of wetness or dryness
during a single month.

Z = dK (7.7)

Using Z for month i , the PDSI for corresponding month is thus calculated as:

X i = 0 :897X i � 1 +
�

1
3

�
Z i (7.8)

All the weighting factors ( W.C.Palmer (1965) calls them the duration factors) in
above equation and in estimating values forK are empirically derived by W.C.Palmer
(1965) but are frequently treated as �xed parameters regardless of the climate regime
in which the index is computed (Wells et al., 2004). The following limits for PDSI
were �nally set.

Table 7.1.: Classi�cation of PDSI.

PDSI values Category

Above 4:00 Extreme wet spell

3:00 to 3:99 Severe wet spell

2:00 to 1:99 Moderate wet spell

1:00 to 1:99 Mild wet spell

0:50 to 0:99 Incipient wet spell

0:49 to � 0:49 Normal

� 0:50 to � 0:99 Incipient drought

� 1:00 to � 1:99 Mild drought

� 2:00 to � 2:99 Moderate drought

� 3:00 to � 4:99 Severe drought

Below � 4:99 Extreme drought

7.4. Application of PDSI to raw RCM and downscaled RCM
data

A FORTRAN-90 routine was written based on above methodology and applied to all
data sets. Both Observational gridded data set and RCM (control and SRES A1B
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7. Drought Analysis

scenario) datasets were analyzed for drought situations in German part of Rhine
basin. Figure7.1shows the yearly averaged PDSI values for observational and control
run of all RCMs for one randomly selected grid point of Rhine basin. Observed
historical 
oods (summer 
oods of 1965, 1968, and 1995) and droughts/major heat
waves (1964,1976,1991) within 1960 and 2000 are captured by PDSI. Major European
heat wave of 2006 is also captured by PDSI but is not shown in Figure7.1. The
control runs of RACMO, REMO and HadRM mimics the observed record to di� erent
degrees. For example although the drought of 1964 is captured by RACMO and
REMO, both the models seem to miss the timing of 1991 drought. HadRM seemto
miss completely these droughts. Similarly for 
oods the three control runs although
capture the summer 
oods of 1965 and 1966, they seem to highly exaggerate and
portray extreme wet conditions in other wise relatively less wet conditions.

 

Figure 7.1.: Yearly averaged PDSI values of observational gridded data set (green)
and control runs of RACMO (red), REMO (black) and HadRM (blue)
datasets. PDSI values are on top and running average of the same based
on 3 year window are on bottom. The values are for one randomly
selected grid point in German part of Rhine basin.

Figure 7.1 showed the time series of PDSI at one randomly selected location. To
look at the spatial behavior of all RCMs for extreme 
ooding and drought years,
Figures 7.2 and 7.3 are presented for 
oods and droughts respectively. Three his-
torically wet years of 1965, 1966 and 1995 are shown in Figure7.2 for observational
gridded data set and for control runs of three RCMs. According to calcualted PDSI
1965 and 1966 were moderate to extreme wet years for German part of Rhine basin.
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7.4. Application of PDSI to raw RCM and downscaled RCM data

While all RCMs portray the same thing for 1966, they fail to mimic the observed
meteorological situation for 1965 and the severely wet year is classi�ed as slightly
wet. The situation for 1995 winter 
oods of river Rhine is di�erent wh ere all RCMs
highly exaggerate the wetness.
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Figure 7.2.: Calculated PDSI for three extremely wet years of German part of Rhine
basin. PDSI based on observational gridded data set and control runs
of three RCMs are shown.

Considering the historical dry years of 1964, 1976 and 1991, one can see in Figure
7.3 that RCMs generally tend to simulate more wet conditions than they really are.
Moderate to severe droughts of 1964, 1976 and 1991 are simulated by control runs
of RACMO, REMO and HadRM as incipient to slightly dry situation.
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Figure 7.3.: Calculated PDSI for three extremely dry years of German part of Rhine
basin. PDSI based on observational gridded data set and control runs
of three RCMs are shown.
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7.4. Application of PDSI to raw RCM and downscaled RCM data

Figure 7.4 shows PDSI calculated for all RCMs' SRES A1B scenario. Downscaled
precipitation and temperature are also analyzed for PDSI and plotted in the same
�gure. The monthly PDSI values at each grid point are averaged to get one yearly
PDSI value for each grid and then for each year all grid points values are averaged
to get one PDSI value for whole German part of Rhine basin. Understandably all
RCMs have di�erent time series for PDSI but the common thing is the similarity
in the �tted linear trend line. All RCMs tend to forecast more drier conditions for
German part of Rhine basin. The same result was also reached to when occurrence
frequencies of combined dry circulation patterns were plotted for the same RCMs in
chapter 5. HadRM SRES A1B scenario show more 
uctuation in PDSI than RACMO
and REMO.

 

Figure 7.4.: Time series of PDSI for all raw and downscaled RCM data sets. RACMO
is shown on the top, REMO in the middle and HadRM in the bottom.
PDSI based on downscaled data are shown as dashed lines and linearly
�tted trend line is shown as solid black line in all three plots.
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8. Application of raw and downscaled
RCM information to hydrological
model

8.1. Preface

This chapter presents a brief introduction to the distributed version of conceptual
hydrological model HBV used in this thesis. Model is calibrated for German part
of Rhine basin and raw RCM data and downscaled RCM data are fed to calibrated
model to analyze the change in hydrological regime of this important European river.

8.2. HBV model

HBV is a multi-purpose conceptual hydrological model. It has been widely used in
di�erent climatic regions of the world for di�erent objectives such as 
ood forecast-
ing, hydro power plant planning, hydraulic structure designing, pollutant transport
and irrigation planning. It is also been widely used for climate change impacts on
hydrological regimes of rivers.

The model was initially developed for comparatively smaller catchments in Sweden
for rainfall-runo� modeling at Hydrologiska Byr�ans Vattenbalansavdeln ing (Hydro-
logical water balance section, former section of Swedish Meteorological and Hydrolog-
ical Institute SMHI). The name of the model HBV is adapted from institu te name
where it was developed. According to SMHI1 website, di�erent versions of HBV
have been developed in over 40 countries for speci�c purposes.Bergstr•om (1976),
Bergstr•om (1995) and Lindstr •om (1997) provide the particulars of original and im-
proved HBV model in detail. An independent version of HBV is also maintained and
continuously developed at Institute of hydraulic engineering, Stuttgart University
(IWS-STU). The model is used for water balance studies, rainfall-runo� modeling
and climate change impact studies for German rivers like Neckar, Rhine, Rems etc.
The developments made in HBV model at IWS-STU can be found inYi (2008) and
Hundecha and B�ardossy (2004). Distributed version of HBV model is further de-
veloped in this thesis to cater for the in
ow into Rhine river and i s adapted to the
25Km square grid. Below are the salient features of HBV described.

1http://www.smhi.se/sgn0106/if/hydrologi/hbv.htm
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8. Hydrological modeling application

8.3. HBV Model description

HBV model describes the itinerary of water from atmosphere to the surface of earth
and below. The model tries to simulate the natural 
ow of water on the surface of
earth and part of water going into deeper earth taking into account the change in its
state and its dependence on temperature. An attempt has been made to translate
the natural processes into mathematical formulae by developing smaller interacting
routines for snow accumulation and snow melt depending upon temperature, soil
moisture accounting, evapotranspiration, production of runo� and �nally r outing of

ow between subcatchments. As such the input data required to run the model
are observations of precipitation and temperature and long term estimates of mean
evapotranspiration of the area. Daily time step is used for the mentioneddata. Like
all hydrological models, HBV is based on water balance equation:

P � ET � I � Q = SP + SM + GW Su + GW Sl + SurS (8.1)

Where P is precipitation, ET is evapotranspiration, I is interception, Q is runo�,
SP is snow pack,SM is soil moisture, GW Su is upper groundwater storage,GW Sl

is lower groundwater storage andSurS is surface storage. The main processes of the
model described below are adapted mainly fromYi (2008).

8.3.1. Snow accumulation and snow melt process

This routine mainly caters for the state of water once it reaches earth surface. De-
pending on air temperature, the routine either accumulates the incoming precipita-
tion as snow to already existing snow pack, or starts the melting process and add to
runo�. The decision between either of the two options is reached to using degree day
approach. For snow melt to occur a threshold temperature(TT) is setwhich need to
be exceeded by air temperature.Hundecha and B�ardossy (2004) also included the
e�ect of additional energy introduced by falling rainfall that may inc rease the snow
melt rate. Degree day factor is then modi�ed as a linear function of precipitation.

Smelt = DD (T � T T) (8.2)

Where Smelt is snow melt in [mm=day], DD is degree day factor in [mm=� C:day],
T is daily average air temperature in [� C] and T T is the threshold temperature again
in [� C].

DD =

(
DD � + kP; if P � D max � DD �

k ;

Dmax ; else:
(8.3)

Where Dmax is maximum limit to the degree day factor in [mm=� C:day] and is
used to avoid unrealistically high snow melt during intense rainfall event, DD � is
degree day factor in the absence of rainfall in [mm=� C:day], k is positive constant
coe�cient with units [( � C:day) � 1] and P is the daily precipitation amount with units
[mm].
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8.3. HBV Model description

8.3.2. Soil moisture process

In any precipitation event not all precipitation reaches the ground surface and a�ects
the soil moisture. Some parts of precipitation is intercepted beforeit reaches the
ground mainly by vegetation along with other factors. Given that vegetation is the
main factor of interception, �xed values of interception are de�ned for each land use
and month. It is assumed that if T � T T then there would be no interception and
total precipitation amount would be considered in soil moisture accounting process.
Precipitation must be corrected before using in soil moisture equation in case if there
is intercepted precipitation. The relationship between runo� for mation R in [mm]
and precipitation is described as follows:

R
P � I

=
�

SM
F C

� �

(8.4)

Where I is intercepted water storage,SM is actual soil moisture andF C is �eld
capacity. All three are in [mm]. � is model a parameter.

8.3.3. Evapotranspiration

ET is calculated using a product of long term mean monthly average ET andadjusted
coe�cient. The adjusted coe�cient in turn is made up of product of di�erence of daily
temperature and long term mean monthly temperature and a model parameter. The
parameter in evaptranspiration formula takes into account vegetation and elevation
etc.

PEA = (1 + CET (T � TM ))PEM (8.5)

Where PEA and PEM are daily potential evapotranspiration and long term mean
monthly evapotranspiration in units of [ mm=day] and [mm=month ]. T and TM are
mean daily and long term mean monthly air temperature in units [� C] while CE T is
a model parameter with units [(� C) � 1].

In case if intercepted precipitation is greater than 0, then it would also contribute
to evapotranspiration such that:

E int = min (I act ; PEA ) (8.6)

Where E int and I act are evaporation from intercepted storage and total amount of
intercepted storage respectively. Both have [mm=day] as units. SoPEA can now be
adjusted taking into account E int as:

P �EA = PEA � E int (8.7)

Finaly ET can be obtained as:

ET =

(
min (SM; P �EA ); if SM > PW P ;

min (SM; SM
LP P �EA ); else:

(8.8)

Where PW P is the minimum soil moisture at which plant wilts. This is the
minimum SM at which potential ET takes place from the soil water.
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8. Hydrological modeling application

8.3.4. Runo� production and concentration process

The HBV-IWS model uses two reservoirs system for runo� generation. The two
reservoirs, upper and lower reservoir, arranged one above the other areconnected
to each other through a constant percolation rate and are considered linear with
a constant recession coe�cient. The upper reservoir has two outlets, one above
the other, simulating near surface runo� (Q� ) and inter
ow ( Q1) respectively. The
two outlets of upper reservoirs are separated by threshold depth, exceeding which
the reservoir starts out
ow from upper outlet. The lower reservoir simulates the
base
ow (Q2) and takes input from the upper reservoir as percolation 
ow (Qperc).
The out
ow equations follow Darcy's 
ow and are outlined below as:

Q� =

(
1

K �
(Su � L ) A; if S > L ;

0; else:
(8.9)

Q1 =
1

K 1
SuA (8.10)

Qperc =
1

K perc
SuA (8.11)

Q2 =
1

K 2
Sl A (8.12)

Where K � , K 1, K prec and K 2 are the recession coe�cients for each out
ow in
[(day) � 1] units, all out
ows are in [ m3=day] units, Su , Sl and L are upper reservoir
water level, lower reservoir water level and threshold water levelfor near surface 
ow
to occur respectively. A is the catchment area.

The three runo�s are added to have a combined value and smoothed by a trian-
gular transformation function. The base of the function is de�ned with a parameter
called MAXBAS [days], which approximates the delayed time required for runo�
concentration at the outlet of the catchment.

Q = g(t; MAXBAS )(Q� + Q1 + Q2) (8.13)

Finally Muskinghum method of routing is applied to route the 
ow bet ween the
catchments.

8.4. Results

HBV model was calibrated for German part of Rhine basin from 1981-1990, while
validation was performed for the years 1991-1995. Grid points used for the dis-
tributed HBV model are shown in Figure 8.1. These are the same grid points that
were used for CP classi�cation and downscaling. The in
ow into Rhine river sys-
tem was considered at Rheinfelden while out
ow, against which the system was
calibrated and validated, was considered at Lobith on German-Netherlands border
(Figure 8.1). Observed daily discharge data was obtained from Global runo� data
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8.4. Results

center (GRDC) 2. The mean river 
ow at the two locations is 1070 m3=secand 2480
m3=sec respectively. The model was �rst calibrated using daily precipitation and
temperature data obtained from ENSEMBLES RT5's observational gridded dataset
(Sec. 4.1.2). After validating the model, gridded precipitation and temperatur e data
obtained from control runs of three RCMs i.e. RACMO, REMO and HadRM were
also analyzed for their behavior in reproducing the observed daily discharge. Figure
8.2 shows the time lines of observed and simulated daily discharge at Lobithfor the
whole calibration and validation process and also for one year alone from the two
series. Observational gridded data set of RT5 seem to capture the dynamics of daily
river 
ow. This is con�rmed by Nash-Sutcli�e (NS) coe�cient ( Nash and Sutcli�e,
1970) of 0:70 and correlation of 0:84 between observed and simulated discharge. The
calibration year 1988 time series shows that simulated runo� tend to under estimate
the peaks while simulating the low 
ow periods e�ciently. Duri ng validation process
both the NS coe�cient and correlation improves further for observation al gridded
data set. Validation for control runs of all RCMs shows that NS coe�cient d ecreases
while correlation improves marginaly. Table 8.1 tabulates the basic calibration and
validation statistics.

Figure 8.1.: Considered grid points in German part of Rhine basin for hydrological
modeling and location of Rheinfelden and Lobith.

Among the three RCMs, RACMO and REMO simulate the dynamics of observed
daily discharge better than HadRM. HadRM simulates a hydrological regime of river
Rhine that is quite di�erent than observed, RACMO and REMO based simulations.
The di�erence is more clear when validation results for year 1995 (
ood year) are
observed. RACMO and REMO capture the 
ood of 1995 to some extent both in
magnitude and timing. HadRM on the other hand seem to miss this particular

ood. The basic discharge based statistics of observed and simulated daily discharge
are shown in Figure 8.3 and Figure 8.4 for calibration and validation runs of the
model. The model simulates yearly statistics of mean, minimum and maximum

2http://www.bafg.de/GRDC/EN/Home/homepage__node.html
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Figure 8.2.: Time series of observed and simulated discharge during calibration and
validation for observational gridded data set and control runs of all
RCMs. For a closer look, a time series of only one year both from
calibration and validation time periods are also shown.
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8.4. Results

satisfactorily. The yearly di�erence between the 75th and 25th quantiles are not that
skillfully simulated. During validation on the other hand, except m aximum yearly
discharge all other basic statistics are simulated satisfactorily.

Table 8.1.: Basic statistics for calibration and validation process of HBV model for
German part of Rhine basin.

Data set Obs. mean Obs. Std. Sim. mean Sim. Std. NS Corr.

Calibration (1981-1990)

Obs.gridded data set 2480.89 1274.04 2409.37 1011.45 0.70 0.84

Validation (1991-1995)

Obs.gridded data set 2220.98 1321.74 2338.31 1116.67 0.74 0.86

RACMO-ctl 2220.98 1321.74 1860.55 1005.00 0.68 0.87

REMO-ctl 2220.98 1321.74 2011.44 1038.98 0.73 0.87

HadRM-ctl 2220.98 1321.74 1962.80 1233.06 -0.44 0.25

Yearly & Seasonal stats (Validation and RCM Ctl.) 
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Figure 8.3.: Yearly mean, minimum, maximum and di�erence between the 75th and
25th quantiles of observed and simulated discharge during calibration.

SRES A1B scenarios of daily precipitation and temperature of all three RCMs
were then fed to the HBV model to analyze the resulting discharges ofriver Rhine.
The model was run from 2001 to 2099. Unlike RACMO and REMO which provide
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Figure 8.4.: Yearly mean, minimum, maximum and di�erence between the 75th and
25th quantiles of observed and simulated discharge during validation.

one realization of future, HadRM provides three realization of precipitation and
temperature based upon model's sensitivity to increase inCO2 concentrations. Low,
normal and high climate sensitivity runs of HadRM were analyzed for hydrological
regime behavior. Although the model was run from 2001-2099, results below are
presented for two selected time periods of 30 years each from 2001-2030 and 2070-
2099. Table8.2 provides the mean and standard deviation of daily discharge for the
three SRES A1B scenarios. It can be seen that all three models predictincreased
mean daily discharge for Rhine river in future. The increase in later30 years is
more than the initial 30 years of 21st century.This behavior of increaseddischarge
is in accordance with analysis of SRES A1B precipitation simulation of all RCMs
except for the normal and high climate sensitivity runs of HadRM. The increased
precipitation amounts is understandably translated into increased discharge.

Table 8.3 and 8.4 tabulates the mean and standard deviations of unconditional and
CP conditioned downscaled precipitation and temperature based results. The down-
scaled precipitation and temperature scenarios, result in the increase of mean daily
discharge both for unconditional and CP conditioned downscaling procedure. The
di�erence between the two downscaling procedures in terms of mean daily discharge
is not that big but di�ers considerably from raw SRES A1B scenarios. Looking at
Figure 8.5 and 8.6 on the other hand, it can be seen that among di�erent RCMs
the yearly mean, minimum, maximum and variance vary considerably. Theresults
from downscaled precipitation and temperature closely follow the raw RCM based
results. For RACMO and REMO, the downscaling process results inyearly mean,
maximum and minimum values which are larger than raw RCM based results, while
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Table 8.2.: Basic statistics of daily simulated discharge obtained from SRES A1B
scenarios of daily precipitation and temperature of RACMO, REMO and
HadRM for German part of Rhine basin.

Data set Sim. mean Sim. Std.

SRES A1B scenario (2001-2030)

RACMO 2302.81 1110.72

REMO 2309.14 1054.17

HadRM (low cli. Sens.) 2183.61 1010.28

HadRM (normal cli. Sens.) 2398.39 1058.81

HadRM (high cli. Sens.) 2455.62 1087.69

SRES A1B scenario (2070-2099)

RACMO 2511.60 1202.46

REMO 2416.55 1113.54

HadRM (low cli. Sens.) 2204.25 982.66

HadRM (normal cli. Sens.) 2373.91 1054.72

HadRM (high cli. Sens.) 2312.01 1059.70

for HadRM the same are lower than raw RCM results. This perhaps is because CP
based downscaling process corrected the precipitation and temperature values for
bias in di�erent directions for di�erent RCMs.
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Table 8.3.: Basic statistics of daily simulated discharge obtained from unconditional
downscaling of SRES A1B scenarios of daily precipitation and tempera-
ture of RACMO, REMO and HadRM for German part of Rhine basin.

Data set Sim. mean Sim. Std.

SRES A1B scenario (2001-2030)

RACMO 2496.48 1186.51

REMO 2320.17 1054.17

HadRM (low cli. Sens.) 1881.05 800.83

HadRM (normal cli. Sens.) 2047.23 874.84

HadRM (high cli. Sens.) 2098.97 860.00

SRES A1B scenario (2070-2099)

RACMO 2686.27 1286.39

REMO 2406.73 1104.25

HadRM (low cli. Sens.) 1899.27 771.38

HadRM (normal cli. Sens.) 2015.01 827.20

HadRM (high cli. Sens.) 1960.61 808.78

Table 8.4.: Basic statistics of daily simulated discharge obtained from CPconditioned
downscaling of SRES A1B scenarios of daily precipitation and tempera-
ture of RACMO, REMO and HadRM for German part of Rhine basin.

Data set Sim. mean Sim. Std.

SRES A1B scenario (2001-2030)

RACMO 2550.44 1264.90

REMO 2390.00 1102.38

HadRM (low cli. Sens.) 1973.58 891.76

HadRM (normal cli. Sens.) 2139.66 958.30

HadRM (high cli. Sens.) 2191.63 961.61

SRES A1B scenario (2070-2099)

RACMO 2717.47 1352.28

REMO 2465.97 1154.38

HadRM (low cli. Sens.) 1993.87 869.70

HadRM (normal cli. Sens.) 2098.42 932.73

HadRM (high cli. Sens.) 2037.18 900.33
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Figure 8.5.: Yearly mean, minimum, maximum and di�erence between the 75th and
25th quantiles of observed and simulated discharge for raw and down-
scaled RCM data. Raw RCM based results are shown as blocks, uncon-
ditioned downscaled as dashed line and CP conditioned downscaled as
solid line. RACMO is in red, REMO in black and HadRM in blue. The
results are from 2001-2030.
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Yearly difference between Q75 and Q25- RCM Scenario A1B (2070-
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Figure 8.6.: Yearly mean, minimum, maximum and di�erence between the 75th and
25th quantiles of observed and simulated discharge for raw and down-
scaled RCM data. Raw RCM based results are shown as blocks, uncon-
ditioned downscaled as dashed line and CP conditioned downscaled as
solid line. RACMO is in red, REMO in black and HadRM in blue. The
results are from 2070-2099.
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8.5. Conclusions

Observational gridded dataset, control, SRES A1B and downscaled SRES A1B sce-
narios of three RCMs were analyzed for the daily discharge of river Rhineat Lobith.
Control runs of all three RCMs underestimate the mean daily discharge atLobith.
Analyzing the daily discharge values for 2001-2099 time period, each RCM result
in increased discharge from its corresponding control run during initial time period
of 2001-2030. RACMO, REMO and three climate sensitivity runs of HadRM (low,
normal and high) increase by 23%, 14%, 11%, 22%, and 25%. For the later period of
21st century the increase is more for RACMO, REMO and low climate sensitivity run
of HadRM, with the percent increase of 35%, 20%, 12%, 20%, and 17% in the same
order of RCMs. The downscaling process result in further increase of daily mean dis-
charge at Lobith, with CP conditioned downscaling process bring in more water than
unconditional downscaling of precipitation and temperature. The increase though is
not considerable. The increased discharge in raw SRES A1B scenarios based results
are in perhaps becasue of the increase in temperature in 21st century.The increase
in temperature results in increased snow melt in Alpine regions of Rhine basin thus
increasing the discharge in winter. This automaticaly results in damped increase in
summer.
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9.1. Conclusions

This thesis presented an improved methodology for circulation pattern classi�cation.
Additionally di�erent information measures were developed which help in quantify-
ing worth of classi�cation system. Critical circulation patterns wer e identi�ed from
set of circulation patterns using wetness index. Classi�cation pattern methodology
was improved using new objective functions based on daily precipitation and dis-
charge values. While the former was used to identify the coverage extent of certain
precipitation event, low values of the later were used to identify the equilibrium
state of catchment and use it as an objective function. The resulting classi�cation
of circulation patterns was found to be robust and representative in that extreme
hydrological situations such as 
ood and droughts were represented in them. The
classi�cation system was tested on completely independent data sets and was found
to capture the extreme situation e�ciently. Classi�cation scheme was further used
in future scenarios of di�erent RCMs and frequency analysis were made with regards
to occurrence of critical CPs. It was concluded that comparing with earlier periods
of 21st century, there would be more occurrence of dry period in the laterpart of
21st century.

A new statistical downscaling methodology was also developed with themain aim
of removing bias from RCM simulated data sets. The downscaling methodology was
conditioned upon previously achieved classi�ed set of circulation patterns. It was
shown how di�erent RCMs produce di�erent realization of past observed precipita-
tion amounts and that perhaps that was because of bias that each RCM inheritsfrom
driving parent GCM. Downscaling methodology was applied to three di�erent RCMs,
comprising of �ve gridded data sets of precipitation and temperature. Downscaling
of data was performed both in \Global mode" and in \CP conditioned" mode. In -
vestigation were made with regards to the di�erence in precipitation amount change
that each methodology brings in RCM simulation.

A FORTRAN-90 code was developed based on Palmer drought severity index to
analyze the data for extreme situations in future. All gridded data sets were ana-
lyzed for drought severity and it was concluded (and earlier �ndings con�rmed) that
in later 21st century there would be more occurrences of dry periods in the study area.

A distributed version of conceptual hydrological model was calibrated for German
part of Rhine basin and raw and downscaled precipitation and temperature scenarios
were analyzed for possible hydrological regime change in the study area.
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9.2. Outlook

Although the results obtained from the new improved classi�cation methodology were
quite encouraging, there are, as always, certain possibilities that canmake the pro-
cess even more e�ective. One possibility would be to add to the existing methodology
the concept of data depth. Data depth is a statistical technique developed originally
by Tukey (1975) to order multivariate data sets. The details of the methodology
and its usage in hydrological studies can be found inZhang (2002) and Chebana
and Ouarda (2008) respectively. Brie
y, the methodology assigns greater depth to
points which are deeper inside the data cloud and assigns lower depthto ones on
peripheries. Hence unusual data points can be identi�ed from the cloud. Given that
the circulation patterns are de�ned by the anomalies of large scale predictor such
as mean sea level pressure at certain locations, the anomalies can be ordered with
respect to observed precipitation at the same location. Data depth technique would
be useful in a sense that one can order multi-dimensional data (e.g. mean sea level
pressure data obtained from multiple grid points around precipitation station) with
respect to precipitation at the same time. Ordering of multi-variat e data of more
than two dimensions is always a di�cult task. With this technique one can attempt
(and has been attempted by this author) to order multi-variate data set with nine
dimensions. Speci�c to circulation pattern classi�cation methodology, If one only
consider the mean sea level pressure anomalies of already de�ned critical circulation
pattern, and order the data with respect to precipitation amounts, one can practi-
cally �lter out even more critical days out of already declared/identi� ed critical days.
Hence additional condition with respect to certain days' anomaly depthcan be put
during classi�cation methodology which can help for forecast purposes.

There is also a possibility of using other large scale predictors than mean sea level
pressure. It has been reported and and also mentioned Chapter3, that role of some
of the large scale predictors which are not used in the training periodof the down-
scaling methodology might be more important in the future perturbed climate (e.g.
humidity). Hence the statistical relationship developed during the training period
may not hold to the same degree in the future. One of the selection criteria of
large scale predictor is that it should be reliably simulated by GCM. Geopotential
height is one of the possibility that can be used as large scale predictor.Given that
geopotential height is available at di�erent pressure levels, multiple levels can also be
considered (e.g. by considering di�erence of geopotential height obtained from two
adjacent pressure levels) in downscaling methodology.

During quantile-quantile correction of RCM precipitation, Weibul l distribution was
used in this thesis. The parameters for which were estimated for each grid point and
season (summer and winter). We were lucky in a sense that we had to deal with an
area where the climatic conditions are not very di�erent from each other. Assuming
an area where available data are not on such a high resolution as we had the luxury
to use, and climate which changes signi�cantly due to topography of the area, it
would not have been easy to �nd a distribution which �ts all the clim ate conditions.
An alternate way then to make use of quantile-quantile correction of RCM(or GCM)
precipitation methodology is to use non-parametric distribution. One possibility of
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�tting a non-parametric distribution to the data set is the so calle d Kernel density
estimation. The advantage in comparison with the theoretical or empiricaldistribu-
tion are that Kernel distributions smoother and continuous. Additional ly they cover
the range of the values which exceeds the ones on which the Kernel densities were
calculated. Hence practically one can deal with the values not simulatedby RCM
for which the quantile-quantile correction is intended.
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A. German part of Rhine basin,Grid point
locations

Table A.1.: Grid point location used for German part of Rhine basin

Grid No. Easting[ � ] Northing[ � ] Grid No. Easting[ � ] Northing[ � ]
1 6.53 49.51 32 6.74 51.54
2 6.42 49.95 33 6.68 51.76
3 6.37 50.17 34 7.95 47.65
4 6.26 50.60 35 7.90 47.87
5 6.21 50.82 36 7.86 48.09
6 6.15 51.03 37 7.81 48.30
7 6.91 49.33 38 7.63 49.18
8 6.86 49.55 39 7.58 49.39
9 6.81 49.76 40 7.53 49.61
10 6.76 49.98 41 7.49 49.83
11 6.71 50.20 42 7.44 50.05
12 6.66 50.42 43 7.39 50.26
13 6.60 50.63 44 7.34 50.48
14 6.55 50.85 45 7.29 50.70
15 6.50 51.07 46 7.24 50.92
16 6.44 51.29 47 7.19 51.14
17 6.39 51.51 48 7.14 51.35
18 6.33 51.72 49 7.09 51.57
19 7.62 47.62 50 7.03 51.79
20 7.58 47.84 51 8.27 47.68
21 7.30 49.15 52 8.23 47.90
22 7.25 49.36 53 8.14 48.33
23 7.20 49.58 54 8.10 48.55
24 7.15 49.80 55 8.05 48.77
25 7.10 50.01 56 7.96 49.21
26 7.05 50.23 57 7.92 49.42
27 7.00 50.45 58 7.87 49.64
28 6.95 50.67 59 7.82 49.86
29 6.89 50.89 60 7.78 50.08
30 6.84 51.10 61 7.73 50.30
31 6.79 51.32 62 7.68 50.51
63 7.63 50.73 104 9.09 48.64
Continued on Next Page. . .
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A. German part of Rhine basin,Grid point locations

Table A.1 { Continued

Grid No. Easting[ � ] Northing[ � ] Grid No. Easting[ � ] Northing[ � ]
64 7.59 50.95 105 9.05 48.85
65 7.54 51.17 106 9.01 49.07
66 7.49 51.38 107 8.97 49.29
67 7.44 51.60 108 8.92 49.51
68 8.51 48.15 109 8.88 49.73
69 8.47 48.36 110 8.84 49.95
70 8.43 48.58 111 8.80 50.16
71 8.38 48.80 112 8.76 50.38
72 8.34 49.02 113 8.71 50.60
73 8.30 49.24 114 8.67 50.82
74 8.25 49.45 115 8.58 51.26
75 8.21 49.67 116 8.53 51.47
76 8.16 49.89 117 8.49 51.69
77 8.12 50.11 118 9.60 47.57
78 8.07 50.33 119 9.57 47.79
79 8.02 50.54 120 9.45 48.44
80 7.98 50.76 121 9.42 48.66
81 7.93 50.98 122 9.38 48.88
82 7.88 51.20 123 9.34 49.10
83 7.84 51.42 124 9.30 49.32
84 7.79 51.63 125 9.26 49.54
85 8.92 47.74 126 9.22 49.75
86 8.88 47.95 127 9.18 49.97
87 8.80 48.39 128 9.14 50.19
88 8.76 48.61 129 9.10 50.41
89 8.71 48.83 130 9.06 50.63
90 8.67 49.04 131 9.01 50.85
91 8.63 49.26 132 8.97 51.06
92 8.59 49.48 133 8.84 51.72
93 8.54 49.70 134 9.93 47.59
94 8.50 49.92 135 9.89 47.81
95 8.46 50.14 136 9.75 48.69
96 8.41 50.35 137 9.71 48.90
97 8.37 50.57 138 9.67 49.12
98 8.32 50.79 139 9.64 49.34
99 8.23 51.23 140 9.60 49.56
100 8.19 51.44 141 9.56 49.78
101 8.14 51.66 142 9.52 50.00
102 9.24 47.76 143 9.48 50.22
103 9.13 48.42 144 9.44 50.44
145 9.93 49.58
Continued on Next Page. . .
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Table A.1 { Continued

Grid No. Easting[ � ] Northing[ � ] Grid No. Easting[ � ] Northing[ � ]
146 9.90 49.80
147 9.86 50.02
148 9.82 50.24
149 10.27 49.61
150 10.24 49.83
151 10.20 50.05
152 10.16 50.26
153 10.13 50.48
154 10.61 49.63
155 10.57 49.85
156 10.54 50.07
157 10.51 50.29
158 11.01 49.22
159 10.98 49.43
160 10.95 49.65
161 10.91 49.87
162 10.88 50.09
163 10.85 50.31
164 11.32 49.45
165 11.29 49.67
166 11.26 49.89
167 11.22 50.11
168 11.19 50.33
169 11.62 49.69
170 11.60 49.91
171 11.56 50.13
172 11.53 50.35
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B. Spatial maps of wetness indices for all
RCM control and SRES A1B scenario
runs for each CP and season (Winter
and Summer)
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B.1. Spatial wetness index maps-RACMO

B.1. Spatial maps of wetness indices for all CPs for RACMO
RCM
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Figure B.1.: Spatial maps of wetness index for each CP of RACMO control runfor
winter
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B. Spatial maps of wetness indices
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Figure B.2.: Spatial maps of wetness index for each CP of RACMO control runfor
summer
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B.1. Spatial wetness index maps-RACMO
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Figure B.3.: Spatial maps of wetness index for each CP of RACMO SRES A1B sce-
nario run for winter
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B. Spatial maps of wetness indices
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Figure B.4.: Spatial maps of wetness index for each CP for RACMO SRES A1B
scenario run for summer
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B.2. Spatial wetness index maps-REMO

B.2. Spatial maps of wetness indices for all CPs for REMO
RCM
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Figure B.5.: Spatial maps of wetness index for each CP for REMO control runfor
winter
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B. Spatial maps of wetness indices
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Figure B.6.: Spatial maps of wetness index for each CP for REMO control runfor
summer
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B.2. Spatial wetness index maps-REMO
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Figure B.7.: Spatial maps of wetness index for each CP for REMO SRES A1B sce-
nario run for winter
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B. Spatial maps of wetness indices
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Figure B.8.: Spatial maps of wetness index for each CP for REMO SRES A1B sce-
nario run for summer
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B.3. Spatial wetness index maps-HadRM

B.3. Spatial maps of wetness indices for all CPs for HadRM
RCM
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Figure B.9.: Spatial maps of wetness index for each CP for HadRM control run for
winter
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B. Spatial maps of wetness indices
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Figure B.10.: Spatial maps of wetness index for each CP for HadRM control run for
summer

186



B.3. Spatial wetness index maps-HadRM
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Figure B.11.: Spatial maps of wetness index for each CP for HadRM SRES A1B
scenario run (low climate sensitivity) for winter
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B. Spatial maps of wetness indices
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Figure B.12.: Spatial maps of wetness index for each CP for HadRM SRES A1B
scenario run (low climate sensitivity) for summer
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B.3. Spatial wetness index maps-HadRM
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Figure B.13.: Spatial maps of wetness index for each CP for HadRM SRES A1B
scenario run (normal climate sensitivity) for winter
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B. Spatial maps of wetness indices
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Figure B.14.: Spatial maps of wetness index for each CP for HadRM SRES A1B
scenario run (normal climate sensitivity) for summer
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B.3. Spatial wetness index maps-HadRM
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Figure B.15.: Spatial maps of wetness index for each CP for HadRM SRES A1B
scenario run (high climate sensitivity) for winter
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B. Spatial maps of wetness indices
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Figure B.16.: Spatial maps of wetness index for each CP for HadRM SRES A1B
scenario run (high climate sensitivity) for summer
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C. Contingency tables for all RCMs of
ENSEMBLES data set
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Table C.1.: Contingency Table for ERA40 and RACMO (control run) based classi�cation of CPs
CP/CP 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18
1 163 34 13 20 12 11 27 13 46 9 22 10 137 13 77 4 3 6
2 10 269 3 1 27 3 106 32 7 17 48 65 19 38 1 12 5 15
3 7 1 519 122 14 18 4 7 41 4 6 6 16 8 40 4 16 17
4 6 2 61 339 86 2 1 10 15 14 10 1 89 1 16 0 11 5
5 6 50 21 87 521 1 20 70 24 80 70 6 48 6 11 38 51 14
6 23 6 100 19 4 88 26 3 56 6 4 31 23 15 31 2 5 12
7 13 59 4 1 7 11 272 13 29 6 22 106 2 30 2 18 15 32
8 6 33 5 4 38 7 37 205 3 19 53 16 32 13 2 4 13 35
9 19 11 84 10 11 15 22 2 455 6 6 51 5 27 35 17 39 50
10 6 27 4 8 47 2 20 125 11 100 17 7 26 8 3 2 20 10
11 23 86 7 7 56 5 47 52 16 11 221 31 39 46 2 15 4 75
12 6 34 8 1 2 28 94 13 69 2 7 541 8 53 3 46 26 10
13 14 14 5 45 39 4 3 50 2 17 34 2 392 6 20 0 1 13
14 17 16 28 3 8 18 34 3 52 1 24 67 14 106 28 24 13 20
15 9 4 23 19 8 7 1 0 42 1 4 4 36 8 101 0 7 16
16 1 10 21 5 11 7 59 4 69 2 5 78 0 18 6 82 37 9
17 4 10 88 33 40 11 15 4 92 15 2 26 2 30 13 12 206 71
18 1 5 12 1 4 5 3 4 24 1 13 2 4 8 5 0 3 131

No. of classi�ed days=11315, Cramer's V=0.393
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Table C.2.: Contingency Table for ERA40 and REMO (control run) based classi�cation of CPs
CP/CP 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18
1 277 37 10 15 19 41 23 8 29 6 18 9 74 6 30 7 2 9
2 20 291 1 1 59 6 79 36 9 20 49 42 11 20 3 14 2 15
3 21 2 510 67 9 78 1 2 54 4 5 7 5 7 25 7 15 31
4 14 1 79 362 64 11 1 12 10 10 9 1 51 1 24 0 13 6
5 10 38 17 95 644 4 10 49 18 45 50 4 17 11 16 40 47 9
6 33 4 55 8 2 188 20 4 37 2 9 27 17 12 20 3 5 8
7 9 71 6 0 11 21 233 17 24 11 24 87 2 20 4 45 21 36
8 15 32 9 7 49 5 18 221 2 27 55 14 21 5 2 5 8 30
9 32 7 60 7 3 42 12 3 464 3 8 39 4 29 38 31 39 44
10 7 40 0 6 68 4 7 105 5 114 19 3 26 10 3 5 17 4
11 33 99 2 5 88 2 28 48 13 8 239 28 32 25 7 19 5 62
12 18 71 6 1 5 49 79 7 46 6 14 502 3 43 1 78 15 7
13 47 16 4 49 63 13 4 41 1 22 42 1 335 2 10 0 0 11
14 29 28 16 2 18 37 43 9 45 2 14 37 11 101 14 32 18 20
15 34 3 14 14 9 13 0 1 37 2 10 5 38 4 86 2 6 12
16 4 5 11 2 23 5 27 7 63 5 4 55 0 19 6 154 29 5
17 3 2 68 26 38 20 21 7 114 8 4 15 0 26 7 25 212 78
18 2 2 3 0 6 6 4 4 21 0 17 5 2 4 2 0 8 140

No. of classi�ed days=11315, Cramer's V=0.422
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Table C.3.: Contingency Table for ERA40 and HadRM (control run) based classi�cation of CPs
CP/CP 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18
1 216 33 31 26 20 36 30 8 44 10 11 17 70 6 36 5 2 19
2 31 243 3 1 69 9 82 26 13 13 41 51 23 24 4 13 4 28
3 29 2 418 80 20 71 4 7 49 7 7 11 13 24 31 14 19 44
4 7 3 120 280 81 11 1 20 27 11 8 1 53 2 18 5 12 9
5 11 45 49 106 551 3 14 69 17 45 49 8 36 14 7 31 40 29
6 41 7 48 4 6 144 28 7 38 4 1 41 15 9 18 12 10 21
7 24 75 3 0 19 13 224 18 30 9 17 73 6 20 7 46 23 35
8 10 39 5 6 49 9 31 207 4 37 41 22 19 6 0 3 4 33
9 42 19 46 12 20 31 23 5 393 6 6 43 7 33 40 58 26 55
10 5 36 7 22 80 6 15 80 10 95 13 12 22 6 4 2 14 14
11 41 89 10 11 91 3 28 53 14 15 175 39 53 14 4 22 9 72
12 25 76 14 3 9 49 94 16 58 6 22 416 2 47 9 64 27 14
13 60 16 23 81 58 11 7 40 4 12 19 7 284 4 14 2 2 17
14 26 28 16 5 11 29 31 6 42 4 21 51 11 88 20 44 21 22
15 27 3 35 12 8 12 6 2 43 3 8 5 22 5 72 6 5 16
16 3 21 22 3 35 1 40 7 43 2 6 62 1 22 3 124 22 7
17 9 11 62 34 60 11 17 10 93 15 5 19 5 24 17 39 172 71
18 3 6 8 3 7 5 9 6 22 1 20 3 3 3 1 0 8 118

No. of classi�ed days=11315, Cramer's V=0.346
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