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on of Extreme Precipitation and Temperature Characteristics”, Journal of Geophysical Rese-
arch: Atmospheres, 119(2):594-613, 2014, ISSN 2169-8996,
doi:10.1002/2013]D020505.

Kapitel drei ist inhaltlich identisch zu der Publikation:

2.) Stephan Thober, Juliane Mai, Matthias Zink, and Luis Samaniego, “Stochastic Temporal Dis-
aggregation of Monthly Precipitation for Regional Gridded Data Sets”, Water Resources Re-

search, so(11):8714—8735, 2014, ISSN 1944-7973,
doi:10.1002/2014 WR015930.

Kapitel vier ist inhaltlich identisch zu dem Manuskript:

3.) Stephan Thober, Rohini Kumar, Justin Shefhield, Juliane Mai, David Schifer, und Luis Sama-
niego, “On the Capability of the North American Multi-Model Ensemble for Seasonal Soil
Moisture Drought Prediction over Europe”, am 7. April 2015 beim Journal of Hydrometeo-
rology eingereicht. Am 20. Mai 2015 wurde das Manuskript zur Pubklikation mit wenigen
Anderungen akzeptiert, welches die Einreichung belegt. Der Entscheidungsbrief des Editors
ist untenstehend zu finden.

Dear Dr. Samaniego,

I am now in receipt of all reviews of your manuscript "On the
Capability of the North American Multi-Model Ensemble for Seasonal
Soil Moisture Drought Prediction over Europe". I am happy to report
that the reviewers unanimously recommended an editorial decision of
Minor Revision, and on reading the paper, I agree with their
assessment. Copies of the reviews are enclosed below or attached as
files to this letter.

We invite you to submit a revised paper by Jul 18, 2015. If you
anticipate problems meeting this deadline, please contact me as soon
as possible at Wood.JHM@ametsoc.org.

Along with your revision, please upload a point-by-point response that
satisfactorily addresses the concerns and suggestions of each
reviewer. Should you disagree with any of the proposed revisions, you
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will have the opportunity to explain your rationale in your response.
In addition, I ask that you give careful consideration to the comment
(of Reviewers 1 and 3) that the predictability of SM varies
seasonally. I think it would strengthen the paper to either discuss
thoughtfully how your results (such as the strength and selection of
the combined ensembles) would be influenced by this factor, or even
add analysis to provide insight on this point.

Please visit http://www.ametsoc.org/PUBSrevisions to view the AMS
Guidelines for Revisions. Be sure to meet all recommendations on the
guidelines for quickest processing of the revised manuscript.

When you are ready to submit your revision, go to
http://amsjhm.edmgr.com/ and log in as an Author. Click on the menu
item labeled "Submissions Needing Revision" and follow the directions
for submitting the file.

Thank you for your patience while a decision was reached.

Sincerely,

Dr. Andrew Wood
Editor
Journal of Hydrometeorology
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Gesamtzusammenfassung

Wasser ist ein essentielles Element fiir alles bekannte Leben auf der Erde und befindet sich in ei-
nem stindigen Kreislauf zwischen den verschiedenen Teilen des Erdsystems, wie zum Beispiel dem
Ozean, dem Land, dem Untergrund und der Atmosphire. Der Mensch beeinflusst den natiirlichen
Wasserkreislauf auf verschiedenste Art und Weise, um seine Lebensgrundlage zu sichern. Es wer-
den beispielsweise Deiche errichtet zum Schutz von Eigentum vor Hochwasser und Dimme werden
gebaut zur Stromerzeugung durch Wasserkraft und zum Anlegen von Reservoiren fiir die Trinkwas-
serversorgung.

Hydrologische Extremereignisse stellen jedoch weiterhin eine Bedrohung fiir die Lebensgrundlage
des Menschen dar. Hochwasser und Diirren sind die beiden hydrologischen Extremereignisse, wel-
che auf dem gesamten Globus zu mehr Todesfillen fithren, die hochsten wirtschaftlichen Verluste
verursachen, und mehr Menschen betreffen als jede andere Naturkatastrophe. Diese beiden Phino-
mene sind sehr unterschiedlich in ihrer Natur. Ein Hochwasser ist ein sich schnell entwickelndes
Ereignis, welches innerhalb von Tagen bis Wochen in einem Flusseinzugsgebiet auftritt. Im Gegen-
satz dazu ist eine Diirre ein langsames Ereignis, das sich tiber Monate und Jahreszeiten entwickelt,
Jahre tiberdauert und ganze Regionen, Linder sowie Kontinente betrifft. Diirren sind definiert als
ein Wasserdefizit im Vergleich zu normalen Bedingungen und treten in allen Kompartimenten des
Wasserkreislaufs auf, wie zum Beispiel in der Atmosphire (meteorologische Diirre), in Fliissen und
im Grundwasser (hydrologische Diirre) und in Béden (landwirtschaftliche Diirre).

Landwirtschaftliche Diirren fiihren zu hohen sozialen und wirtschaftlichen Schiden sowie huma-
nitiren Krisen (z.B. Hungersnéte), weil sie das Potenzial haben Ernteertrige zu verringern. Die Aus-
wirkungen dieser Extremereignisse konnen mit der Hilfe von einem saisonalen Vorhersagesystem,
welches Diirren mehrere Monate im Voraus prognostiziert, abgeschwicht werden. Diese Arbeit ist
somit der Entwicklung eines saisonalen Vorhersagesystems fiir landwirtschaftliche Diirren innerhalb
Europas gewidmet. Dieses Vorhersagesystem basiert auf meteorologischen Prognosen des nordame-
rikanischen Multi-Modell Ensembles (NMME), welche verwendet werden um das mesoskalige Hy-
drologische Modell (mHM) anzutreiben. Der NMME Datensatz wird in dieser Arbeit betrachtet,
da er ein relativ grofSes Ensemble beinhaltet und ein einfacher Datenzugrift gewihrleistet ist. Das
in dieser Arbeit entwickelte Vorhersagesystem ist jedoch flexibel genug um auch andere Datensitze,
wie beispielsweise TIGGE-LAM vom Europiischen Zentrum fiir mittelfristige Wettervorhersagen
(ECMWE), zu verwenden.
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Der NMME Datensatz stellt monatliche Niederschlags- und Temperaturprognosen bereit. Tages-
werte sind zwar auch verfiigbar, diese erfordern jedoch wesentlich hohere Speicherkapazititen und
sind daher fiir Anwender oft von geringem Interesse. Obwohl die acht Modelle in diesem Ensemble
sich in ihrer Modellstruktur unterscheiden (d.h. in der Auswahl und der Parametrisierung der im-
plementierten Prozesse), bilden sie alle den Wasser- und Energiekreislauf der Erde als dynamisches
System ab. Das mesoskalige Hydrologische Modell (mHM) wird in dieser Arbeit benutzt, um den
Wasserkreislauf auf der Landoberfliche zu berechnen, da dieses riumlich verteilte Modell dafiir ent-
wickelt und kalibriert wurde die Wasserbilanz an der Miindung eines Einzugsgebietes zu schlieflen.
Dies wird durch das zuverlissige Aufteilen von Niederschlag in Evapotranspiration zur Atmosphire
und Oberflichenabfluss in die Ozeane erreicht. Diese Partitionierung wird durch die Modellierung
der Bodenfeuchte realisiert. Die erhaltenen Bodenfeuchtefelder von mHM werden dann zu einem
Quantil basierten Index transformiert, um eine Diirreanalyse durchzufiihren.

Die Giite der Diirrevorhersage ist von mehreren Faktoren abhingig. Hauptbestandteile des saisona-
len Vorhersagesystems sind u.a. die meteorologischen Prognosen, welche von den NMME Model-
len bereitgestellt wurden. Ein Standardansatz in der Diirrevorhersage ist es entweder die Prognosen
der einzelnen Modelle oder die des gesamten Ensemblemittels auszuwerten (d.h. das Mittel tiber
die Prognosen aller einzelnen Modelle). In dieser Arbeit werden Methoden untersucht, die tiber
einen solchen Ansatz hinausgehen, um die Fihigkeit von Multi-Modell Ensembles zur Abbildung
von Extremindizes, welche fiir die Hochwasser- und Diirremodellierung relevant sind, zu verbes-
sern. Es wird in dieser Arbeit die Hypothese aufgestellt, dass eine Untergruppe von Modellen (d.h.
ein Subensemble) eine bessere Vorhersagegiite liefert als einzelne Modelle und das gesamte Ensem-
blemittel. Verschiedene neu entwickelte Methoden werden untersucht, um Subensembles mit der
besten Performance effizient auszuwihlen ohne alle méglichen Kombinationen von Modellen zu
betrachten.

Auswahlalgorithmen fiir Subensembles werden fiir eines der neuesten Ensembles von regionalen
Klimamodellen getestet, welches vom ENSEMBLES Projekt zur Verfugung gestellt wurde. Die rium-
liche und zeitliche Variabilitit von elf extremen Niederschlags- und Temperaturindizes, welche mit
Hochwasser und Diirren in Zusammenhang stehen, wird betrachtet, um die Giite der Modellsimu-
lationen zu bewerten. Die geschitzten Indizes aus diesen Modellsimulationen werden mit jenen aus
Beobachtungsdaten tiber Deutschland in der Zeit von 1961 bis 2000 verglichen. Die Giite der ein-
zelnen Modelle und der Subensembles wird mit Hilfe einer Ablehnungsrate quantifiziert, welche
die statistische Signifikanz der erhaltenen Abweichungen auf Basis des Wilcoxon-Rangsummentests
auswertet. Die regionalen Klimamodelle weisen erwartungsgemifd einen geringeren Bias fiir Tempe-
raturindizes im Vergleich zu Niederschlagsindizes auf. Die Schwankungsbreite des Bias ftir extreme
Niederschlagsindizes ist in der Regel =20%. Des Weiteren tiber- und unterschitzen diese regiona-
len Klimamodelle bestimmte Indizes systematisch. Beispielsweise wird der jihrliche Gesamtnieder-
schlag tiberschitzt, wihrend die maximale Anzahl der aufeinander folgenden trockenen Tage un-
terschitzt wird.

Fiir die regionalen Klimamodelle des ENSEMBLES Projekts zeigte das beste Subensemble kleinere
und weniger signifikante Bias als alle einzelnen Modelle und das gesamte Ensemblemittel in verschie-
denen Teilen Deutschlands. Eines der vorgeschlagenen Verfahren, der Riickwirtseliminationsalgo-
rithmus, ist in der Lage dieses beste Subensemble effizient zu finden ohne alle méglichen Subensem-
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bles evaluieren zu missen. Das beste Subensemble enthilt nur 6 der 13 betrachteten regionalen Kli-
mamodelle. Die Verwendung dieses Subensembles statt des gesamten Ensemblemittels kann somit
zu abweichenden Schlussfolgerungen in Klimafolgenabschitzungen fithren.

Die riumliche und zeitliche Auflésung eines Klimamodellsist in der Regel niedriger als die Auflosung
eines hydrologischen Modells. Fiir das hier entwickelte Diirrevorhersagesystem entspricht die zeitli-
che Auflésung der meteorologischen NMME Prognosen Monatswerten, wihrend die hydrologische
Modellierung Tages- oder Stundenwerte als Eingangsdaten benétigt. Ein neu entwickeltes stochasti-
sches Verfahren wird benutzt um die monatlichen Niederschlagsfelder in tigliche zu disaggregieren.
Diese Methode behandelt zunichst nur Niederschlag, da dieser eine schiefe Verteilungsfunktion und
eine komplexe zeitliche und riumliche Kovarianzstruktur aufweist. Dieser Ansatz basiert auf einer
multiplikativen Kaskade, welche einen Niederschlagswert von einer niedrigen zeitlichen Auflésung
in zwei Werte auf einer hoheren Auflosung partitioniert (z.B. einen zweiwdchentlichen Wert in zwei
wochentliche) und dabei die jeweilige riumliche Kovarianzstruktur auf der entsprechenden zeitli-
chen Auflésung erhilt. Dieses Kaskadenverfahren beginnt mit Monatswerten und stoppt sobald
Tageswerte erhalten werden. Die Partitionierung erfolgtindem Gewichte (d.h. multiplikative Fakto-
ren) entsprechend einer Verteilungsfunktion gesampelt werden. Diese Verteilungstunktionen wer-
den fiir unterschiedliche Niederschlagsintensititen aus Beobachtungsdaten bestimmt und es wird
gezeigt, dass sich diese nicht wesentlich im Laufe der Zeit verindern. Dies macht diese Methode
auch fiir zukiinftige Perioden anwendbar. In dieser Arbeit wird die Hypothese aufgestellt, dass die
disaggregierten tiglichen Felder statistisch dquivalent zu den beobachteten sind.

Dieses Disaggregierungsverfahren wurde vor allem entwickelt um die zeitliche Auflésung eines Da-

tensatzes zu erthdhen. Dabei erzeugt es aber auch Felder mit einer konsistenten riumlichen Kova-

rianzstruktur. Dieses wird durch eine neu entwickelte sequentielle Sampling-Technik, welche “An-

chor Sampling” genannt wird, erreicht. Diese Methode ist auf Rastergittern von beliebiger Auflésung
und Grofle anwendbar. Das “Anchor Sampling” erfordert keine Annahme tiber die raumliche Iso-

tropie von Niederschlagsfeldern. Dies ist von elementarer Bedeutung, weil orographische Effekte

eine nicht isotrope riumliche Kovarianzstruktur erzeugen. Diese Methode kann auch fir andere

stochastische Methoden von Vorteil sein, welche auf die Generierung von riumlichen Feldern mit

einer konsistenten Kovarianzstruktur angewiesen sind, wie zum Beispiel riumliche Skalierungsver-

fahren.

Das stochastische Disaggregierungsverfahren wird fiir hochaufgeldste Niederschlagsdaten (d.h. 4 x
4 km? Raster) {iber Deutschland (& 357 0oo km?) in der Zeit von 1950 bis 2010 getestet. Die Auswer-
tung des Verfahrens erfolgt fir einen Kalibrierungszeitraum (1950-1990) und einen Validierungszeit-
raum (1991-2010), um die Ubertragbarkeit auf zukiinftige Perioden zu testen. Die Ergebnisse zeigen,
dass ortsabhingige Verteilungsfunktionen vom Niederschlag mit Abweichungen von weniger als 5%
wihrend des Validierungszeitraumes reproduziert werden. Zusitzlich sind extreme Niederschlags-
indizes mit einem Bias von weniger als 10% abgebildet. Diese Fehler sind kleiner als jene, die fiir die
regionalen Klimamodelle des ENSEMBLES Projekts beobachtet wurden (fiir die gleichen Indizes).
Dies hebt den Mehrwert des vorgeschlagenen Disaggregierungsverfahrens hervor. Es ist erwihnens-
wert, dass die zeitliche Autokovarianz in den disaggregierten Niederschlagsfeldern vergleichbar ist
mit jener der beobachteten Felder. Dies wird erreicht ohne eine explizite Annahme iiber die Auto-
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kovarianz der disaggregierten Felder zu formulieren und kann daher als eine Eigenschaft betrachtet
werden, die durch die Kaskadenmodellstruktur erzeugt wird.

Das saisonale Diirrevorhersagesystem enthilt dann den Riickwirtseliminationsalgorithmus, um das
Subensemble mit der héchsten Vorhersagegiite des NMME Datensatzes zu identifizieren. Es nutzt
auch die neu entwickelte stochastische Disaggregierungsmethode, um die monatlichen Niederschlags-
prognosen in tigliche zu tiberfiihren. Andere fiir mHM benétigte Eingangsvariablen, wie zum
Beispiel Temperatur, werden durch eine Skalierung von historischen Feldern erhalten. Diese ha-
ben nach der Skalierung den gleichen monatlichen Wert wie die Vorhersagen der NMME Modelle.
Die von dem saisonalen Diirrevorhersagesystem erhaltenen Prognosen werden mit denen einer ein-
fachen statistischen Methode, die auf dem Ensemble Streamflow Prediction (ESP) Ansatz basiert,
verglichen. Der ESP Ansatz benutzt meteorologische Beobachtungen aus der Vergangenheit zur
Erstellung eines Vorhersageensembles fiir den Antrieb von mHM. Die Vorhersagen dieses Verfah-
rens basieren somit nur auf klimatologischen Informationen und enthalten keine Kenntnis tiber
die tatsichliche Entwicklung des Erdsystems. Der Bewertungszeitraum des Diirrevorhersagesystems
reicht von 1983 bis 2009 mit monatlichen Vorhersagen beginnend am Anfang eines jeden Monats
und Vorhersagezeiten von bis zu 6 Monaten. Das Simulationsgebiet umfasst grofie Teile Kontinen-
taleuropas. Der Equitable Threat Score (ETS) wird in dieser Arbeit benutzt, um die Vorhersagegiite
zu quantifizieren. Dieser fasst die Trefferquote und die Falsch-Positiv-Rate in einem Bewertungsmaf$
zusammen. Der frei verfigbare E-OBS Datensatz wird genutzt, um Referenzwerte fiir die Boden-
feuchte zu erhalten. Es wird in dieser Arbeit die Hypothese aufgestellt, dass die NMME basierten
Prognosen einen héheren ETS aufweisen als die ESP basierten.

Die auf dem NMME basierenden Bodenfeuchteprognosen zeigen einen ETS auf, der bei einer sechs-
monatigen Vorhersagezeit im Durchschnitt 69% hoher ist als der des ESP Ansatzes. Die Ergebnisse
zeigen, dass es eine substantielle riumliche und zeitliche Variabilitit in der Guite der Diirrevorher-
sagen von bis zu 40% gibt. Die Vorhersagegiite ist beispielsweise ftir beide Prognoseverfahren (d.h.
NMME und ESP basierte Prognosen) héher in Regionen in denen die Referenzbodenfeuchte selbst
eine hohe Persistenz aufweist. Die perfekte Kenntnis der initialen hydrologischen Bedingungen
fithrt dann zu einer hohen Vorhersagegiite in diesen Regionen. Niedrige Vorhersagegiiten sind vor
allem in Zeiten zu beobachten wenn keine Diirre vorliegt. Dies bedeutet, dass beide Vorhersageme-
thoden das Ausmafd von Trockenheiten in diesen Zeitriumen iiberschitzen. Die Giite von Diirre-
vorhersagen ist somit sehr stark von dem Diirrezustand zum Beginn der Prognose abhingig, welcher
in den initialen Bedingungen enthalten ist.

Unter den auf dem NMME basierenden Prognosen besitzt das gesamte Ensemblemittel einen hoheren
ETS als jedes identifizierte Subensemble und das bestméogliche Einzelmodell. Die Vorhersagegiite
der Subensembles, die mehr als drei Modelle enthalten, ist jedoch nur 1% geringer als die von dem
gesamten Ensemblemittel. Die Anzahl der Modellldufe dieser Subensembles betrigt jedoch nur 60%
der des gesamten Ensembles. Diese Subensembles konnten somit fiir operative saisonale Dirrevor-
hersage und Anwender, welchen nur begrenzte Rechenkapazititen zur Verfiigung stehen, niitzlich
sein. Im Allgemeinen sollte das Diirrevorhersagesystem, welches auf meteorologischen Vorhersagen
des NMME basiert, fiir den operationellen Betrieb in Betracht gezogen werden, weil es eine hohere
Vorhersagegiite als klimatologische Vorhersagen tiber ganz Europa und alle Vorhersagezeiten auf-
weist.
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Die in dieser Arbeit vorgestellten Methoden sind nicht auf die hier betrachtete Anwendung der sai-
sonalen Diirrevorhersage beschrinkt. Stattdessen sind sie allgemein und auch fiir andere Anwen-
dungen genauso niitzlich. Beispielsweise kann das Riickwirtseliminationsverfahren auch auf an-
dere Ensembles und Giitekriterien angewendet werden. Basierend auf den Ergebnissen dieser Arbeit
wird erwartet, dass diese Methode die Niitzlichkeit von Modell Ensembles auf zwei Arten verbessern
kann. Erstens kann ein Subensemble eine hohere Performance erzielen als das gesamte Ensemblemit-
tel und zweitens kann ein Subensemble eine nahezu gleichwertige Performance erreichen wie das
gesamte Ensemblemittel, aber mit einem niedrigeren Rechenaufwand.

Das in dieser Arbeit vorgestellte “Anchor Sampling” erméglicht die Generierung riumlicher Felder
normalverteilter Zufallszahlen mit einer vordefinierten riumlichen Kovarianzstruktur. Diese Me-
thode wurde nur fr die zeitliche Disaggregierung von monatlichen Niederschlagswerten in tigliche
genutzt. Folgestudien sollten den “Anchor Sampling” Ansatz auch fiir andere Anwendungen wie
zum Beispiel das riumliche Skalieren von Klimamodelldaten verwenden.
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Abstract

Water is a vital element for all known life forms and is constantly cycling through different com-
partments of the Earth system such as the ocean, atmosphere, land surface, and subsurface. Humans
modify the water cycle on land in various ways to ensure their livelihood. For instance, levees are con-
structed for protecting property from floods, dams are built to generate hydropower and to create
reservoirs for drinking water supply, and groundwater is pumped for freshwater supply.

Hydrologic extremes, however, keep on threatening the livelihood of human societies. The two most
devastating hydrologic extremes are floods and droughts resulting in more deaths, yielding the high-
est economic losses, and affecting more people than any other natural hazard on a global scale. These
two phenomena are very different in their nature. A flood is a fast evolving event that is spanning
over days to weeks and is occurring at the catchment scale. On the contrary, a drought is a creep-
ing event that is evolving over months to seasons and can last for years. Droughts are occurring at
regional, national, and even continental scales. Droughts are defined as a deficit of water with re-
spect to normal conditions and are happening in all compartments of the hydrologic cycle such as
the atmosphere (meteorological drought), rivers and groundwater (hydrological drought), and soils
(agricultural drought).

Agricultural droughts can lead to severe socio-economic damages and humanitarian crisis (e.g., famine)
because they have the potential to diminish crop yields. Impacts of these extreme events can be mit-
igated with the help of a seasonal prediction system that is able to forecast droughts several months
in advance. This work is thus dedicated to the development of a seasonal soil moisture drought
forecasting system over Europe. The meteorological forecasts by the North American Multi-Model
Ensemble (NMME) are used within this prediction system to drive the mesoscale Hydrologic Model
(mHM). The NMME product is selected because of the easy data access and the relatively large en-
semble size. The prediction system developed in this work, however, provides enough flexibility
to also incorporate other products such as TIGGE-LAM from the European Centre for Medium-
Range Weather Forecasts (ECMWF).

The NMME dataset provides monthly precipitation and temperature forecasts. Daily values are also
available but these require substantially higher computer resources, which are often not accessible to
practitioners. Although the eight models comprised in this ensemble differ in their model structure
(i.e., the selection and parameterization of implemented processes) they all represent the cycling of
water and energy on Earth as a dynamic system. The mesoscale Hydrologic Model (mHM) is used
in this study to represent the hydrologic cycle at the land surface. This choice is made because this
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spatially distributed model has been designed and calibrated to close the water balance at the outlet
of ariver catchment by reliably partitioning precipitation into evapotranspiration to the atmosphere
and river discharge to the ocean. This partitioning is achieved by modeling soil moisture. The ob-
tained soil moisture fields from mHM are then transformed to a quantile-based index to conduct a
drought analysis.

The quality of a drought forecast depends on several factors. Major constituents of the seasonal
prediction system are among others the meteorological forecasts obtained from the NMME. State-
of-the-art drought prediction systems either evaluate the forecasts of single models or those obtained
from the full ensemble mean (i.e., the average over all single model forecasts). Methods for increasing
the skill of multi-model ensembles for reproducing extreme indices relevant for flood and drought
modeling, which go beyond the evaluation of single models and the full ensemble mean, are inves-
tigated in this study. It is hypothesized in this work that a subset of models (subensemble) might
give a better performance than both single models and the full ensemble mean. Different newly de-
veloped methods are investigated for selecting the best performing subensemble efficiently without
requiring the evaluation of all possible subensembles.

Subensemble selection algorithms are tested for one of the latest collection of regional climate mod-
els made available by the ENSEMBLES project. The ability of these models to reproduce the spatio-
temporal variability of eleven extreme precipitation and temperature indices, which are related to
floods and droughts, is investigated. The estimated indices from these model simulations are com-
pared against those obtained from the observations over Germany during the period from 1961 to
2000. The performance of single models and all possible subensembles is quantified using a rejection
rate, which estimates the statistical significance of the obtained bias based on the Wilcoxon rank-sum
test. The regional climate models, expectedly, exhibit smaller temperature bias than precipitation
bias. The range of the bias for extreme precipitation indices is generally £20%. Moreover, these
regional climate models consistently overestimate or underestimate observations for a specific in-
dex. For example, long-term annual precipitation tends to be overestimated, whereas the maximum
number of consecutive dry days is consistently underestimated.

For the ENSEMBLES regional climate models, the best possible subensemble showed smaller and
less significant bias than all single models and the full ensemble mean in several parts of Germany.
One of the proposed methods, the backward elimination algorithm, is able to find this subensemble
efficiently without evaluating all possible subensembles. The identified subensemble contains only
6 out of the 13 considered regional climate models. Using this subensemble in favor of the full en-
semble mean might lead to substantially different conclusions in climate change impact assessment
studies.

The spatio-temporal resolution of a climate model is typically coarser than the resolution of a hydro-
logic model. For the drought prediction system developed here, the temporal resolution of the mete-
orological forecasts by the NMME is monthly values whereas the hydrologic modeling requires daily
or hourly inputs. A newly developed stochastic method is employed to disaggregate the monthly
precipitation fields into daily ones. This method is focusing on precipitation because of its skewed
distribution function and its complex temporal and spatial covariance structure, which is induced
by its intermittent occurrence. It is based on a multiplicative cascade approach that partitions one
precipitation value at a low temporal resolution into two values at a higher resolution (e.g., one
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bi-weekly value into two weekly ones) preserving the respective covariance structure at the corre-
sponding temporal scale. This cascade procedure starts with monthly values and stops when daily
values are obtained. The partitioning is achieved by drawing weights (i.c., multiplicative factors)
from a distribution function that is estimated from the observations beforehand. These distribu-
tion functions are estimated for different levels of precipitation intensities and it is shown that they
do not change significantly over time, which allows to apply this method during future periods, for
example, in climate change impact assessment studies. Itis hypothesized that the disaggregated daily
fields obtained by employing this multiplicative cascade approach are statistically equivalent to the
observed ones.

Although this method is focusing on the temporal disaggregation of precipitation, it also generates
fields with a consistent spatial covariance structure. A newly developed sequential sampling tech-
nique termed “Anchor sampling” is used for this purpose. This method is applicable to grids of any
resolution and extent. The “Anchor sampling” requires no assumption about the spatial isotropy
of precipitation, which is a key property because orographic effects induce a non-isotropic spatial
covariance structure. It can also be beneficial to any stochastic method that relies on the consistent
spatial sampling of random fields (e.g., spatial downscaling schemes).

The stochastic disaggregation method is tested for a high-resolution precipitation dataset (i.e., 4 X
4 km? grid) over Germany (= 357 ooo km?) during the period from 1950 to 2010. The evaluation
of the method is conducted in a split-sample setup to evaluate the transferability to future periods
using a calibration (1950-1990) and a validation (1991-2010) period. In general, distinctive location
dependent distribution functions are reproduced with biases less than 5% during the evaluation pe-
riod. Additionally, extreme precipitation indices are represented with biases less than 10%. These
errors are less than those observed for the ENSEMBLES regional climate models (for the same in-
dices) which highlights the added value of the proposed method. It is worth mentioning that the
disaggregated precipitation fields have a temporal auto-covariance that compares well with the ob-
served one. This is achieved without any explicit assumption about the auto-covariance structure of
the disaggregated fields and is considered as an emergent property of the cascade model structure.

The seasonal drought prediction system then incorporates the backward elimination algorithm to
identify the subensemble with the highest forecasting skill from the North American Multi-Model
Ensemble (NMME). It also uses the newly developed stochastic temporal disaggregation method to
downscale monthly precipitation forecasts to daily ones. Other forcing variables for the mesoscale
Hydrologic Model (mHM) such as temperature are disaggregated by rescaling historic fields to have
the same monthly values as the NMME forecasts. The forecasts obtained from the seasonal drought
prediction system are contrasted with those of a simple statistical method based on the Ensemble
Streamflow Prediction (ESP) approach. The ESP approach resamples past meteorological observa-
tions to create a forecast ensemble for driving mHM. This method thus provides a forecast that is
only based on climatology and incorporates no knowledge about the actual dynamic development
of the Earth system. The drought prediction system is evaluated during the period 1983-2009 with
monthly forecasts starting at the beginning of each month for lead times up to 6 months. The spa-
tial domain of the drought prediction system covers large parts of continental Europe. The fore-
casting skill is quantified employing the Equitable Threat Score (ETS), which combines the hit and
false alarm rate of forecasted drought events. This metric requires reference soil moisture fields that
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have been obtained using the freely available E-OBS dataset. It is hypothesized in this work that the
NMME-based forecasts are exhibiting a higher ETS than the ESP-based ones.

The NMME-based soil moisture forecasts exhibit an ETS that is on average 69% higher than that
of the ESP-based ones at a 6 month lead time. Results showed that there is a substantial spatial
and temporal variability in drought forecasting skill ranging up to 40%. The drought forecasting
skill is for both forecasting methods (i.e., NMME-based and ESP-based forecasts) higher in regions
where reference soil moisture itself exhibits a high persistence. The perfect knowledge of the initial
hydrologic conditions then leads to a high forecasting skill in these regions. Low drought forecasting
skill is observed during periods of absence of drought indicating that the forecasts are overestimating
drought extent during these periods. Drought forecasting skill is thus dependent on the state of
drought development at the beginning of the forecast, which is contained in the initial hydrologic
conditions.

Among the NMME-based forecasts, the full ensemble mean exhibits a higher ETS than any identi-
fied subensemble and the best performing model. The skill of subensembles containing more than
three models, however, is only 1% less than that of the full ensemble mean. But the number of
realizations required in these subensembles is only 60% of that of the full ensemble mean. These
subensembles thus could be useful for operational seasonal forecasting or practitioners that have
limited computational resources. In general, the proposed drought prediction system that is based
on the meteorological forecasts by the NMME should be taken into consideration in an operational
system because it outperforms climatological forecasts based on the ESP approach over entire Europe
at all lead times.

The methods presented in this work have not been tailored for the particular application of seasonal
drought prediction. Instead, they are general and should be useful for other applications as well. For
instance, the backward elimination method could be applied to other ensembles. Based on the results
of this work, it is expected that this method could help to increase the utility of model ensembles in
two ways: first, a higher performance than that of the full ensemble mean could be achieved by
using subensembles; second, almost the same performance as that of the full ensemble mean could
be achieved by subensembles, but at reduced computational costs.

The “Anchor Sampling” introduced in this work allows to generate spatial fields of normal dis-
tributed random numbers with a predefined spatial covariance structure. This method has only
been employed for the temporal disaggregation of monthly precipitation to daily values. Follow-up
studies should use the “Anchor Sampling” also for other applications such as, for instance, spatial
downscaling of climate model outputs.
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1.1 Background

Water is a vital element for all known life forms. There is around 1 385 0oo ooo km? of water on Earth
(Chow et al., 1988) covering about 71% of the Earth’s surface. The majority of this amount is stored
in the oceans (96.5%), while only 2.5% is freshwater. A major portion of freshwater is comprised in
Icecaps (68.5%). Only 30% of the global freshwater is contained in groundwater and even less (0.32%
or 111 ooo km?) is stored in soils as soil moisture, rivers, lakes, and vegetation (Chow et al., 1988).
It is this small portion of the total amount of water that is available to humans as a basis for their

livelihood.

Water is constantly moving through different compartments of the Earth system such as the ocean,
atmosphere, land surface, and subsurface. The largest fluxes within the global hydrologic cycle are
the evaporation from the ocean to the atmosphere and the precipitation from the atmosphere to the
Earth’s surface. Roughly 20% of the global precipitation is over land (Bonan), 2008)), which is the
major input for driving river catchments.

Humans are changing the hydrologic cycle on land in various ways pursuing multiple objectives.
These interventions are realized by building different hydrologic infrastructures. For instance, levees
are constructed for protecting property from floods, dams are built to generate hydropower and to
create reservoirs for drinking water supply, groundwater is pumped for freshwater supply, channels
are built for transportation and irrigating agricultural land, and water is abstracted from rivers for
industrial production such as cooling power plants. A profound knowledge of the hydrologic cycle
at the catchment scale is required to appropriately design these infrastructures. Otherwise, misman-
agement of water resources or failure of infrastructures is guaranteed. Hydrologic models are used
to estimate states and fluxes of the hydrologic cycle at locations of interest within a catchment where
no observations are available (Hrachowitz et al., 2013)).

Important applications of hydrologic models are the prediction and hindcast of extreme events. The
two most devastating hydrologic extremes are floods and droughts resulting in more deaths, yield-
ing the highest economic losses, and affecting more people than any other natural hazard on a global
scale (Table 2.2 in |Shefheld and Wood, 2o11). These two hydrometeorological phenomena are very
different in their nature. A flood is a fast evolving event, which is spanning over days to weeks and
is occurring at the catchment scale. It is often triggered by an extreme precipitation event. On the
contrary, a drought is a creeping event, which is evolving over months to seasons and can last for
years. Droughts are occurring at regional, national, and even continental scales. Droughts are de-
fined as a deficit of water with respect to average conditions and are happening in all compartments
of the hydrologic cycle such as the atmosphere (meteorological drought), rivers and groundwater

(hydrological drought), and soils (agricultural drought) as discussed in|Sheftield and Wood|(2o11).

Agricultural droughts have devastating impacts on human societies because they have the potential
to diminish crop yields among other negative environmental effects (e.g., the reduction of the carbon
sink strength of forest ecosystems as shown by Piayda et al., 2o14). For example, the European 2003
drought caused alone in Germany socio-economic damages amounting to more than EUR 1.5 bn
(COPA-COGECA)), whereas the 2010/11 drought in the Horn of Africa led to a severe humanitarian
crisis affecting more than 12 million people (Relief, 2o11). A reconstruction of the 2003 European
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drought development is exemplary shown in Figure .l Areas exhibiting a drought are marked as
yellow and orange regions in this Figure. Almost no grid cell has been under drought during Febru-
ary 2003. The drought then first started to develop in Eastern Europe as well as Italy during May
2003. The peak extent is observed during August 2003 where major parts of Central Europe are un-
der severe drought (i.c., are exhibiting a low soil moisture value that has less than 5% probability of
occurrence).

20°E 0° 10°E

m100x100km2  S0il Moisture Index:

0.0 0.05 0.1 0.2

Figure 1.1: The development of the 2003 European drought isillustrated by depicting the drought ex-
tent for February, May, and August of 2003. A droughtis occurring when the soil moisture
index is below 0.2 indicating a low fractional soil moisture value that is observed less than
20% of the time. These fields are obtained by driving the mesoscale Hydrologic Model
(mHM) with the observation-based E-OBS dataset.

Agricultural droughts are developing at seasonal time scales as illustrated in Figure Hence, a sea-
sonal drought prediction system that forecasts these events several months in advance could help to
adapt to these extreme events and mitigate their impact. This work is thus aiming at the development
of a seasonal drought prediction system for Europe.

1.2 Seasonal Drought Prediction System

The general framework of a seasonal drought prediction system is depicted in Figure This frame-
work is consisting of three major components. The first component is devoted to the meteorological
forcing that is required to drive the hydrologic model, most importantly daily temperature and pre-
cipitation. The second component is the hydrologic model that transforms the meteorological input
into hydrologic states and fluxes at the land surface. In this work, the mesoscale Hydrologic Model
(mHM, Samaniego et al., 20105 Kumar et al., 2013a) is used. The variable of interest in this work is the
simulated soil moisture. The third component is the post-processing of simulated soil moisture to a
quantile-based soil moisture index for the drought analysis (bottom box in Figure. The structure
of this framework is very similar to those used in other studies such as|Schaake et al|(2007b), |Luo
land Wood (2007)), and [Yuan et al.|(2015)).

36



Chapter 1

Introduction

" -
o | = Climate Model
g | &| Observations Output
N e : Chapter 2

5 :
= 15} ' .
== : Downscaling
'é::) = : Chapter 3

i)

o fg yF AL

£A T =

g )

o)

s =

- 1¢ o

E\ oVia
+ |2 3
- N
b3y
-
%—l 4 X . 4
= Reconstruction IHCs Forecast
@) :

Lead time m

3) Soil Moisture

Time axis ¢

:
Forecast Date

Figure 1.2: Schematic representation of a drought prediction system. This Figure is divided vertically
into an observation-based part (left of vertical dashed line) and a forecasting part (right of
vertical dashed line). The observation-based part is comprised of: first, an observation-
based meteorological dataset; second, a hydrologic model that is driven with these ob-
servations. Third, the simulated soil moisture is used for reconstruction during historic
periods and to provide initial hydrologic conditions (IHCs) for the forecasts. The fore-
casting part (i.e., the right hand side of this figure) consists of: first, a meteorological fore-
cast obtained from a climate model (or numerical weather prediction model); second, a
downscaling of climate model outputs that requires also the meteorological observations;
third, a hydrologic model of the land surface that is driven with the downscaled meteo-
rological forecasts to provide a soil moisture forecast. This work is mainly focusing on
the evaluation of climate model outputs with respect to extreme meteorological indices
(Chapter b)) and the temporal downscaling of meteorological variables (i.., disaggrega-
tion method introduced in Chapter . The evaluation of the drought prediction system
is then presented in Chapter

There are two datasets of meteorological forcings required to setup the drought prediction system.
The first is an observation-based dataset for past periods and the second is the actual meteorological
forecast (top box in Figure [1.2)). The observation-based dataset is required mainly to spin-up the
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hydrologic model and to create the initial hydrologic conditions (IHCs). If the forecast period is in
the past, then the observation-based soil moisture can be also used as a reference to assess the skill of
the soil moisture predictions. These soil moisture predictions are obtained from the meteorological
forecasts, which are typically derived from climate models or numerical weather prediction models
that represent the Earth’s energy and water cycle as a dynamic system. In this work, the seasonal
meteorological forecasts are obtained from the North American Multi-Model Ensemble (NMME)
that comprises realizations of eight global climate models. The NMME product is selected because
of the easy data access and the relatively large ensemble size. Any other product such as TIGGE-
LAM from the European Centre for Medium-Range Weather Forecasts (ECMWEF; |Buizza, [o1s))
could, however, also be used.

The spatio-temporal resolution of the meteorological forecasts obtained from climate model simu-
lations is typically coarser than the resolution of the hydrologic modeling. For example, the NMME
product provides monthly meteorological forecasts whereas mHM requires daily or hourly inputs.
Due to this fact, climate model datasets need to be downscaled, which is a kind of pre-processing
step included in the first component of the drought prediction system (top box in Figure .

The second component of this drought prediction system consists of the mesoscale Hydrologic
Model (mHM, Samaniego et al., 2010; Kumar et al., por3a), which is driven with the downscaled
daily forcing data to estimate gridded soil moisture fields. mHM is a spatially explicit distributed
hydrologic model in which hydrologic processes are conceptualized similarly to these of other ex-
isting large-scale models like VIC-3L (Liang et al., 1996) and WaterGap (Dol et al., 2003). The in-
cluded processes are canopy interception, snow accumulation and melt, soil moisture and infiltra-
tion, runoft generation and evapotranspiration, deep percolation and base flow, and flood routing
between grid cells. These processes are parameterized in a unique way employing the multiscale
parameter regionalization (MPR) technique that allows for parameter transferability across spatial
resolutions and locations. Further details on the model and the parameter regionalization are given
in/Samaniego et al.| (2010)) and Kumar et al.|(2013a)).

It is worth mentioning that the climate models also include a land surface model, which provides
the lower boundary fluxes to the atmosphere over land. These models conceptualize hydrologic
processes such as soil infiltration, percolation, and snow pack in a similar way as mHM. The fun-
damental difference between these two kind of models is that mHM has been calibrated to match
the observed river discharge at the outlet of a river catchment which is not the case for land sur-
face models in general. It is thus hypothesized that mHM correctly represents the partitioning of
precipitation into evapotranspiration and river discharge at the catchment scale. This partitioning
is achieved by modeling soil moisture and it is assumed that the simulated soil moisture dynamics
obtained by mHM are a valid representation of the true ones.

The third component is the post-processing of soil moisture. Previous studies have shown that soil
moisture dynamics strongly depend on the structure of the model employed within the simulation
(Koster et al., 2009; Wang et al., 2o11). This makes it very difficult to compare soil moisture among
different models and also to evaluate it within a drought study. Simulated soil moisture is thus often
transformed to a quantile-based soil moisture index, which quantifies the probability of occurrence
at a given point in time (a.0., Sheffield et al., aoo04; |Vidal et al., po1o; Samaniego et al., 2013). The
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20% quantile (i.e., the soil moisture value that is undercut 20% of the time) is then used as a drought
threshold. In this work, the approach outlined by|Samaniego et al.| (2013) is adopted.

The quality of drought forecasts depends on several factors. The uncertainty of the different com-
ponents of the prediction system (e.g., the meteorological forcing, the hydrologic model structure,
and the kind of index chosen in the post-processing) will contribute differently to the uncertainty of
drought forecasts. The evaluation in this work is focusing on the input uncertainty of the drought
prediction system because this might be responsible for the largest uncertainty within the soil mois-
ture forecasts. The uncertainty in other components is, however, not negligible. For example, the
uncertainty in the initial hydrologic conditions (IHCs) also contributes substantially to the uncer-
tainty of soil moisture forecasts (Wood and Lettenmaier, 2008). In this work, perfect knowledge of
IHCs, which are taken from a reference dataset, is assumed. The investigation of the validity of this
assumption is subject to follow-up studies. With respect to the input uncertainty, there are mainly
two contributors within a drought prediction system. Both of these are investigated in this work.
The first is the quality of the meteorological forcing made available by a multi-model ensemble of cli-
mate models. The second is the quality of the fields obtained from the downscaling procedure. The
next two sections present the current state-of-the-art techniques how these two issues are addressed
and which improvements are required for a seasonal drought prediction system for Europe.

1.2.1 Evaluation of Multi-Model Ensembles of Climate Models

This work employs the forecasts made available by the North American Multi-Model Ensemble
(NMME, Kirtman et al., 2o14). This dataset provides 101 monthly precipitation and temperature
forecasts from different global climate models. There is substantial uncertainty associated with this
ensemble dataset, which is a common feature of climate model simulations. These uncertainties oc-
cur mainly because of two reasons. First, climate models are of different complexity representing
different processes (Flato et al., 2013). Second, there is internal climate variability that introduces
some uncertainty even if the same model is evaluated over the same domain with small perturba-
tions in the initial atmospheric conditions (Deser et al., 2012). Both of these characteristics cannot
be modified by a practitioner to increase the skill of climate model outputs for a particular hydro-
logic application of interest. Instead, a practitioner can only increase the skill by post-processing this
data.

The uncertainty in the meteorological forcing then translates to an uncertainty in the soil moisture
forecasts which is exemplary shown in Figurefor NMME-based forecasts. There is a considerable
spread among the forecasts obtained from the different models. Previous studies have evaluated
the skill of NMME-based hydrologic predictions by evaluating either the skill of single models or
the full ensemble mean (Yuan and Wood, 2013;|Mo and Lettenmaier, po14; |Yuan et al., 2015} a.0.).
This is a standard approach in the evaluation of multi-model ensembles regardless of the dataset and
application of interest (Giorgi and Mearns, 2002; |Weigel et al., 2o10}; Soares et al., 2o12; Schindler
et al.,2or2). It can, however, be observed in Figurethat there are some models that show a higher
agreement with respect to the reference soil moisture anomaly than others (e.g., CMCrand COLA).
This asks for methods that try to provide a higher skill than that of the full ensemble mean.
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Figure 1.3: Standardized soil moisture anomalies for the period from January to December 2003. The
red line depicts the reference anomaly obtained by the E-OBS dataset. The blue and green
lines show the soil moisture anomalies of NMME-based forecasts with one month lead
time.

Among the different methods that aim at improving the ensemble skill, weighted ensemble aver-
aging techniques have become a well accepted practice in climate change impact assessment studies
(Giorgi and Mearns, 2002; Doblas Reyes et al., 2oos; Weigel et al., 2010)). These averaging schemes
assign higher weights to models exhibiting a higher performance with respect to a selected metric as
compared to the performance of other models. The weighted average should then provide a higher
performance than a simple arithmetic multi-model average. This method is, however, not applica-
ble to a variable like precipitation, which is a fundamental input variable for the drought prediction
system. This is due to the fact that the weighted average of this variable lacks key characteristics of
the original fields like, for example, a skewed distribution function and a strong spatio-temporal
intermittency.

An alternative approach would be to only select a subset of models (subensemble), which might
exhibit a higher performance as compared to the full ensemble mean. For example, only select the
COLA and CMCr model in Figure|r.3] Such an approach has not been investigated yet which might
be due to the large number of potential subensembles to evaluate (this number increases propor-
tional to the factorial of the number of given models in the ensemble). This work aims at investi-
gating the performance of subensembles as well as at proposing an efficient method to find the best
performing subensemble of a given multi-model ensemble.
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The use of subensembles in favor of the full ensemble mean could be beneficial in multiple ways.
First, a subensemble could exhibit the highest possible performance, which would increase the per-
formance as compared to that of single models and the full ensemble mean. This would have direct
implications for climate change impact assessments because subensembles could, for instance, pro-
vide a less biased estimate. Second, subensembles could provide the same performance as the full
ensemble mean, but at a reduced number of considered model realizations. Practitioners that have
limited computational resources could exploit this and use the subensemble as a surrogate for the
full ensemble mean.

Multi-model ensembles of climate models are nowadays routinely used for the evaluation of the im-
pact of climate change on extremes like floods and droughts. Subensemble selection methods should
be general, such that they can be useful for this wide range of applications. The performance of
subensembles and the methods for efficiently selecting them is thus investigated for another dataset
than the North American Multi-Model Ensemble (Chapter ). This dataset consists of thirteen
regional climate models which are obtained from the ENSEMBLES project (van der Linden and
Mitchell, 2009). These models are tested for their ability to reproduce several extreme temperature
and precipitation indices that are relevant for floods and droughts. Different subensemble selection
methods are evaluated for this dataset and the most efficient one is then applied within the drought
prediction system.

1.2.2 Downscaling Techniques for Meteorological Variables

The spatial and temporal resolution of climate model outputs is typically too coarse for hydrologic
assessment studies. For example, the spatial resolution of state-of-the-art global climate models is
typically in the order of 0.5° to 4° (Taylor K. et al.} 2o12)), which does not provide any spatial variabil-
ity of meteorological variables (e.g., precipitation and temperature) at the catchment scale needed
for spatially distributed hydrologic modeling. Additionally, the substantial storage requirements of-
ten allow providing the meteorological climate model outputs only at a low temporal resolution of
monthly values although the internal time steps are in the order of seconds to minutes. As a conse-
quence, low-resolution climate model outputs have to be disaggregated in time and downscaled in
space to drive a hydrologic model at a high-reso