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ō arithmetic mean of observation [SI]
obj objective function [−]
pt decision threshold [−]
s standard deviation [SI]
s occurrence frequency [1/d]
t time [SI]
x predictor [SI]
xa anomaly value of predictor [−]
xn standardized predictor to an interval between zero

and 1
[−]

x̄ arithmetic mean of x [SI]
y predictand [SI]
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Zusammenfassung

Lang anhaltende großflächige Starkniederschläge führen in zahlreichen Regionen der
Erde immer wieder zu schweren Überschwemmungen und bedrohen so das Leben
vieler Menschen. Zur Verringerung der negativen Auswirkungen solcher Ereignisse
werden Hochwasservorhersagesysteme entwickelt. Auf Grundlage der Vorhersage
dieser Systeme werden bei einem bevorstehenden Hochwasser Warnungen an die
Bevölkerung ausgegeben, falls die Kapazitäten der Hochwasserschutzmaßnahmen in
der betroffenen Region überschritten werden könnten. Den Kern eines Hochwasser-
vorhersagesystems bilden mathematische Modelle, die die hydrologischen Prozesse in
einem Flussgebiet mit mathematischen Gleichungen beschreiben, um den beobach-
teten und prognostizierten Niederschlag in Abfluss- oder Wasserstandsvorhersagen
zu überführen.
Die Qualität einer kurzfristigen (1 bis 3 Tage) und mittelfristigen (4 bis 7 Tage)

Hochwasserprognose wird im Wesentlichen von der Güte der Niederschlagsvorher-
sage bestimmt. Niederschlagsvorhersagen werden von einer Vielfalt mathematischer
Prognosemodelle bereitgestellt. Die bewährtesten Modelle sind globale numerische
Wetterprognosemodelle. Sie simulieren die großräumige atmosphärische Zirkula-
tion und stellen so mehrmals täglich Vorhersagen für sämtliche Regionen der Welt
bereit. Leider sind die Prognosen dieser Modelle für lokale oberflächennahe Prozesse,
wie dem Niederschlagsgeschehen in kleinräumigen Flussgebieten, von geringer Güte.
Der Hauptnachteil der globalen Modelle ist die grobe räumliche Auflösung, so dass
eine adäquate Beschreibung dieser Prozesse nicht möglich ist. Allerdings ist ge-
rade diese Information für die Beschreibung Hochwasser auslösender Prozesse von
Bedeutung, da viele Hochwasservorhersagesysteme für kleinräumige und schnell
reagierende Flussgebiete entwickelt werden.
Die Lücke zwischen den Vorhersagen globaler numerischer Wetterprognosemodelle

und den Anforderungen lokaler Anwendungen wird durch Downscaling-Verfahren
geschlossen (siehe Karl et al., 1990; Giorgi and Mearns, 1991). Diese Verfahren
verknüpfen großräumige atmosphärische Variablen, wie die Geopotentialhöhe, mit
lokalen Oberflächenvariablen, wie dem Niederschlag, um die globale Information mit
dynamischen oder statistischen Verfahren auf die lokale Ebene zu überführen. Beim
dynamischen Downscaling wird ein regionales numerisches Wetterprognosemodell
in ein globales Modell integriert, um eine hochaufgelöste Wettervorhersage für das
Zielgebiet zu erzeugen. Meistens werden beim dynamischen Downscaling determi-
nistische Modellansätze verwendet, mit denen eine Realisierung einer Zielvariablen
bestimmt werden kann, so dass eine Vorhersage von dem Modell bereitgestellt wird.
Jedoch ist die Wettervorhersage (wie auch die Hochwasservorhersage) von Natur aus
unsicher, egal ob die Vorhersage von einem mathematischen Modell oder von einem
Experten stammt. Gerade die Niederschlagsvorhersage für kleinräumige Flussge-
biete und für sehr selten eintretende Ereignisse ist mit einer großen Unsicherheit
versehen. Für eine angemessene Beschreibung der Vorhersageunsicherheit sind da-
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her Ansätze nötig, die die möglichen Realisierungen einer Zielgröße für verschiedene
zeitliche Reichweiten eines Vorhersagemodells bestimmen können und deren Prog-
nosen in Form von Wahrscheinlichkeiten ausgedrückt werden.

Zur rechtzeitigen Warnung der Bevölkerung werden schnelle und klare Entschei-
dungen benötigt. Experten weisen häufig darauf hin, dass Entscheidungen deutlich
schwieriger zu fällen sind, wenn die Prognosen in Wahrscheinlichkeiten ausgedrückt
werden. Dieses Argument ist richtig, aber es gibt mindestens zwei angemessene
Gründe für die Wahl eines probabilistischen Ansatzes und für das Verwenden von
Wahrscheinlichkeit bei der Vorhersage (Murphy, 1985):

1. Der Entwickler eines Prognosemodells und der Nutzer des Modells wissen auf-
grund ihrer Erfahrung häufig, dass die Prognosen eines mathematischen Mo-
dells mit einer Unsicherheit behaftet sind. Diese Unsicherheit sollte sich in den
Modellvorhersagen widerspiegeln und zu allen Empfängern einer Vorhersage
kommuniziert werden.

2. Es kann einfach demonstriert werden, dass eine probabilistische Vorhersage
verglichen mit anderen Vorhersageformen mindestens den gleichen oder einen
höheren Informationswert besitzt.

Der letztgenannte Punkt ist wahrscheinlich das bedeutendste Argument für die
Verwendung von Wahrscheinlichkeiten in der Vorhersage.

Zur Erfassung der Vorhersageunsicherheit wurden in den letzten beiden Jahrzehn-
ten vermehrt Ensembleprognosesysteme entwickelt. Diese Systeme führen viele
Läufe mit einem globalen numerischen Wetterprognosemodell durch, aber ausge-
hend von unterschiedlichen Beschreibungen des atmosphärischen Zustandes. Die
Realisierungen des globalen Modells werden dann mit einem dynamischen Verfahren
weiterverarbeitet, um ein Ensemble hochaufgelöster Wettervorhersagen für das Ziel-
gebiet zu erstellen. In einer Reihe von Studien wurde veranschaulicht, dass Ensem-
bleprognosen einen deutlich höheren Informationswert besitzen, wenn Wahrschein-
lichkeiten zur Beschreibung der Vorhersageunsicherheit verwendet werden und der
Entscheidungsträger weiss, wie er diese Information zu nutzen hat. Leider haben die
Ensembleprognosesysteme den Nachteil, dass aufgrund des hohen Rechenaufwands
nur eine geringe Anzahl von Vorhersagen erstellt werden können, so dass die Vor-
hersageunsicherheit für extreme Niederschlagsereignisse nicht angemessen bestimmt
werden kann. DesWeiteren werden flexible Ausgaben von den Downscaling-Verfahren
benötigt, da die optimale raum-zeitliche Auflösung eines Hochwasservorhersagesys-
tems von den Gebietseigenschaften (z. B. der Reaktionszeit während eines Hoch-
wassers) bestimmt wird.

Sehr gute Alternativen zum dynamischen Downscaling bieten die Verfahren des
statistischen Downscalings. Bei dieser Art von Downscaling überführt eine Trans-
ferfunktion die globale Information auf die lokale Ebene. Nicht nur der geringe
Aufwand und die hohe Effizienz dieser Techniken machen diese Verfahren attraktiv
für den operationellen Einsatz, sondern auch der Fokus auf bestimmte Bereiche einer
Vorhersagevariablen, z. B. der Extreme. Das wichtigste Argument für die Nutzung
dieser Techniken ist, dass viele Realisierungen zur angemessenen Beschreibung der
Vorhersageunsicherheit für eine Zielgröße erstellt werden können.
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Ein besonderes Verfahren zur Vorhersage des Niederschlagsgeschehens in kleinräu-
migen Flussgebieten wurde von Obled et al. (2002) vorgestellt. Im Gegensatz zu den
Verfahren nationaler Wetterdienste konzentriert sich die Methode auf die Vorher-
sage des täglichen Gebietsniederschlags, die zur Beurteilung der Hochwassersituation
in einem Flussgebiet die bedeutendste Information ist. Den Hauptbestandteil des
Verfahrens bildet die analoge Methode. Die Idee der analogen Methode ist vergle-
ichbar mit einem erfahrenen Meteorologen, der die prognostizierte Wetterkarte mit
Karten aus der Vergangenheit vergleicht, um die ähnlichsten (analogen) Wettersi-
tuationen zu identifizieren. Die lokalen Bedingungen dieser Wettersituationen (z. B.
der tägliche Gebietsniederschlags eines Flussgebietes) werden dann für die Prognose
verwendet. Allerdings wird bei diesem Verfahren der Kartenvergleich von einem
mathematischen Suchalgorithmus übernommen, der die großräumigen Felder atmo-
sphärischer Variablen, wie die des Luftdrucks oder des Feuchteflusses, über dem
Untersuchungsgebiet vergleicht.

Zielsetzung der Arbeit

In Rahmen dieser Untersuchung wurde ein Prognosemodell zur probabilistischen
Vorhersage des Niederschlagsprozesses in kleinräumigen Flussgebieten vorgestellt.
Die Komponenten des Modells sind statistische Verfahren des Downscalings, um die
Anforderungen eines Hochwasservorhersagesystems für kleinräumige Flussgebiete
möglichst zu erfüllen. Dabei kann der hier vorgestellte Downscaling-Algorithmus
in zwei Schritte unterteilt werden: (i) Zunächst wird der tägliche Gebietsnieder-
schlag für das Zielgebiet vorhergesagt; (ii) dann wird diese Information mit einem
stochastischen Simulationsverfahren raum-zeitlich disaggregiert, um die Variabilität
des Niederschlagsprozesses zu simulieren. Letztendlich stellt das Modell ein Nieder-
schlagsensemble bereit, um die Unsicherheit der Niederschlagsprognose für klein-
räumige Flussgebiete auf angemessene Weise für kurzfristige und mittelfristige Pro-
jektionen zu ermitteln.
Das Hauptziel dieser Untersuchung war die Entwicklung statistischer Verfahren

zur Realisierung des ersten Schrittes des Algorithmus, der Vorhersage des täglichen
Gebietsniederschlags. Die Umsetzung dieses Schrittes ist wohl die wichtigste Kom-
ponente des Modells, da eine angemessene Prognose des Gebietsniederschlags die
notwendige Voraussetzung für die Entwicklung eines präzisen und somit möglichst
qualitativ hochwertigen Hochwasservorhersagesystems ist. Dabei soll den Kern der
statistischen Verfahren die analoge Methode bilden.
Neben der Entwicklung des Niederschlagsprognosemodells bestand ein weiteres

Ziel dieser Arbeit darin, die folgenden Fragen näher zu untersuchen und zu beant-
worten:

• Wie präzise ist die Vorhersage des täglichen Gebietsniederschlags für klein-
räumige Flussgebiete in Mitteleuropa, insbesondere in Warnsituationen?

• Wie kann ein Entscheidungsträger eine probabilistische Vorhersage in Warn-
situationen optimal nutzen? Und wie wertvoll sind die Wahrscheinlichkeits-
vorhersagen im Vergleich zu anderen Vorhersageformen?

• Welche Qualität besitzen die Prognosen der analogen Methode im Verhältnis
zu anderen statistischen Downscaling-Verfahren?
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sehr ähnelt. Da das Niederschlagsmodell zukünftiger Bestandteil eines Hochwasser-
warnsystems ist, wurden vorrangig die Prognosen des Modells für Warnsituationen
bewertet. Der Vergleich mit einfachen Referenzvorhersagen zeigte, dass die analoge
Methode angemessene Informationen für die Identifizierung extremer Niederschläge
liefert.
Zusätzlich wurde in dieser Untersuchung gezeigt, dass die Prognosegüte der analo-

gen Methode von mehreren Kriterien beeinflusst wird, die vom Entwickler subjektiv
festgelegt werden müssen, bevor der Suchalgorithmus gestartet werden kann. Da
eine Entscheidungshilfe für eine angemessene Auswahl der Kriterien nicht vorhan-
den ist und für das Downscaling von Niederschlägen in den Untersuchungsgebieten
bisher die analoge Methode nur vereinzelt zur Anwendung kam, wurde eine um-
fassende Analyse zur Identifizierung der sensitivsten Modellgrößen durchgeführt.
Die wichtigsten Einstellungen wurden dann für alle vier Regionen und für zwei
verschiedene Sätze globaler Informationen ermittelt. Diese können dann für die
Schätzung der prognostizierten Vorhersageunsicherheit für kurzfristige und mit-
telfristige Projektionen in den Gebieten eingesetzt werden. Des Weiteren können
zukünftige Untersuchungen diese Information nutzen, um das Downscaling für die
Regionen weiter zu verbessern.

Beantwortung der Forschungsfragen

Am Anfang dieser Untersuchung besaß der Autor kaum Erfahrungen mit der Güte
der Niederschlagsprognosen des dynamischen und statistischen Downscalings. Daher
erhob sich zunächst folgende Frage:

Wie präzise ist die Vorhersage des täglichen Gebietsniederschlags für

kleinräumige Einzugsgebiete in Mitteleuropa, insbesondere in

Warnsituationen?

Zur Beantwortung dieser Frage wurden die Vorhersagen des COSMO-Modells (ehe-
mals Lokal-Modell des Deutschen Wetterdienstes Schättler et al., 2008) analysiert,
das zur Gruppe der dynamischen Downscaling-Verfahren gehört. Die Niederschlags-
vorhersagen des Modells werden häufig als erstes von den regionalen Hochwasser-
vorhersagezentralen in Deutschland zur Bewertung der Niederschlagssituation heran-
gezogen.
Ein Vergleich mit beobachteten täglichen Gebietsniederschlägen zeigte deutlich

die geringe Genauigkeit der Niederschlagsprognosen. Es wird häufig ein Fehlalarm
ausgelöst oder das Ereignis sogar verfehlt (siehe Abb. 2). Dieses Resultat bestätigte
die Vermutung vieler Experten, dass eine deterministische Niederschlagsvorhersage
nicht ausreichend sei, um mit einem Hochwasservorhersagesystem eine wertvolle
Warninformation zur Verfügung zu stellen.
Es wurden auch die Niederschlagsinformationen eines regionalen Ensembleprog-

nosesystems (COSMO-LEPS; Montani et al., 2003) näher analysiert, das seit eini-
gen Jahren für Mitteleuropa hochaufgelöste ensemble-basierte Wettervorhersagen
liefert. Es konnte demonstriert werden, dass der Großteil der Beobachtungen in-
nerhalb des Unsicherheitsintervalls der Ensembleprognosen liegt. Das Modell liefert
somit wertvolle Informationen über die Vorhersageunsicherheit. Allerdings ist die
Unsicherheit selbst für kurzfristige Projektionen (z. B. für den morgigen Tag) sehr
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Abbildung 2: Vergleich zwischen der Niederschlagsvorhersage des COSMO-
Modells und dem beobachteten Niederschlag für die 80 größten
Ereignisse an der Freiberger Mulde, Elbe-Einzugsgebiet, Deutsch-
land, täglicher Gebietsniederschlag (6 UTC bis 6 UTC des Folge-
tages) von April 2004 bis Dezember 2005; Vorhersagezyklus 0 UTC,
zeitliche Reichweite: 6 fh bis 30 fh.

groß, obwohl nur wenige Realisierungen durch das regionale Modell transferiert wer-
den. Da aufgrund der großen Vorhersageunsicherheit keine schnellen Entscheidungen
mehr getroffen werden können, wird häufig von den Nutzern von Ensembleprog-
nosen gefordert, die Anzahl der Realisierungen zu reduzieren. Leider bietet sich
diese Strategie nicht an, da ansonsten vermehrt Niederschlagsereignisse außerhalb
des Unsicherheitsintervalls liegen und eine Identifizierung von Extremereignissen
zunehmend erschwert wird.
Den Problemen des dynamischen Downscalings wurden in dieser Arbeit mit statis-

tischen Ansätzen begegnet, deren Prognosen in Form von Vorhersagewahrschein-
lichkeiten ausgedrückt werden. Leider fallen klare Entscheidungen bei dieser Art der
Vorhersageform weniger einfach. Daher war es notwendig, folgende Fragen näher zu
beleuchten:

Wie kann ein Entscheidungsträger eine probabilistische Vorhersage in

Warnsituationen optimal nutzen? Und wie wertvoll sind die

Wahrscheinlichkeitsvorhersagen im Vergleich zu anderen

Vorhersageformen?

Zur Lösung dieser Fragen wurde ein Kosten-Verlust-Ansatz verwendet (Thomp-
son and Brier, 1955), um die Prozesse der Entscheidungsfindung zu beschreiben.
Der Ansatz verknüpft die Resultate eines Warnsystems (Tab. 1) mit den Konse-
quenzen der Entscheidungsfindung (Tab. 2). Bei einer Alarmierung treten somit
Kosten für Schutzmaßnahmen auf, während Verluste nur dann entstehen, wenn kein
Alarm gegeben wird und das Ereignis dennoch eintritt. Die Untersuchung demons-
trierte, dass die probabilistische Vorhersage verglichen mit anderen Vorhersagefor-
men deutlich wertvollere Informationen liefert, da der Entscheidungsträger das opti-
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Tabelle 1: Resultate einer binären Vorhersage nach Mason (2003)

Vorhersage Beobachtung
ja nein

ja Treffer Fehleralarm
nein Verfehlt Treffer 2. Art

male Quantil einer Vorhersage für einen individuellen Nutzer der Vorhersage wählen
kann. Allerdings ist es notwendig, dass der Entscheider weiss, wie er Vorhersage-
wahrscheinlichkeiten zu interpretieren hat. Da dieses Wissen sehr bedeutsam für
die Identifizierung intensiver Niederschläge ist, wurde die optimale Nutzung einer
probabilistischen Vorhersage näher erläutert. Zusätzlich wurde nachgewiesen, dass
mehrere Faktoren bei der Entscheidungsfindung berücksichtigt werden sollten, um
letztendlich eine möglichst wertvolle Information an den Empfänger der Warnungen
weiterzuleiten.
Der Kosten-Verlust-Ansatz wurde auch zur Bewertung der Prognosen der statis-

tischen Verfahren verwendet, um ihren relativen Informationswert zu ermitteln. Die
Niederschlagsprognosen der analogen Methode haben verglichen mit einfachen Re-
ferenzvorhersagen einen sehr hohen Informationswert, insbesondere für die Identi-
fizierung lang anhaltender großflächiger Niederschläge. Letztendlich könnten viele
individuelle Nutzer von den Modellvorhersagen profitieren. Allerdings gibt es bisher
kaum Vergleiche mit anderen statistischen Vorhersagetechniken für die Untersu-
chungsgebiete. Daher war es notwendig, auch die folgende Frage näher zu unter-
suchen:

Welche Qualität besitzen die Prognosen der analogen Methode im

Verhältnis zu anderen statistischen Downscaling-Verfahren?

Zur Beantwortung dieser Frage wurde eine auf Fuzzy-Regeln basierende Klas-
sifikation benutzt (Bárdossy et al., 2002), um ein Katalog großräumiger täglicher
Zirkulationsmuster für die Untersuchungsgebiete zu erstellen. Es konnte demons-
triert werden, dass physikalisch plausible Zirkulationsmuster mit der Klassifikation
erstellt werden können, mit denen angemessen zwischen trockenen und regenreichen
Tagen unterschieden werden kann. Die Bewertung der Niederschlagsprognosen ver-
anschaulichte, dass während nasser Zirkulationsmuster viele intensive Niederschlags-
ereignisse auftreten, so dass die Klassifikation einen angemessenen Informationswert
für die Identifizierung dieser Ereignisse bereitstellen könnte. Allerdings werden im

Tabelle 2: Konsequenzen der Entscheidungsfindung

Aktion Beobachtung
Extrem kein Extrem

Schutz Kosten Kosten
kein Schutz Verluste 0
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Vergleich zur analogen Methode deutlich mehr Fehlalarme ausgelöst, so dass der
Informationswert von der analogen Methode höher ist. Trotzdem sollte die Klas-
sifikation zentraler Bestandteil des hier vorgestellten Niederschlagsmodells bleiben,
da es eine Reihe von weiteren Anwendungsmöglichkeiten bietet, um das statistische
Downscaling des Niederschlags weiter zu verbessern.

In dieser Untersuchung wurde zudem ein neuer Ansatz zum Downscaling des
Niederschlags vorgestellt. Die Grundlage dieses Ansatzes bildet die Datentiefe mit
der die Zentralität einer Wettersituation gemessen werden kann. Dabei wird ange-
nommen, dass je größer die Datentiefe, desto zentraler und somit gewöhnlicher der
atmosphärische Zustand über dem Untersuchungsgebiet. Da lokale Extremereignisse
häufig durch Anomalien in der Atmosphäre, also durch ungewöhnliche Situatio-
nen, verursacht werden, scheint diese Idee ein vielsprechender Ansatz für die Iden-
tifizierung intensiver Niederschläge zu sein. Da ungewöhnliche Zustände der Atmo-
sphäre sowohl zu sehr schlechtem wie auch zu sehr gutem Wetter führen können
(Abb. 3), wurde zusätzlich zu diesem Verfahren die auf Fuzzy-Regeln basierende
Klassifikation verwendet, um zwischen trockenen und regenreichen Situationen zu
unterscheiden. Die Bewertung des neuen Verfahrens zeigte, dass deren Prognosen
einen hohen Informationswert für die Identifizierung intensiver Niederschläge be-
sitzen und mit dem Informationswert der analogen Methode vergleichbar ist. Daher
ist es sehr zu empfehlen, diesen neuen Ansatz in zukünftigen Untersuchungen weiter
zu verbessern.

Letztendlich lässt sich zusammenfassen, dass die analoge Methode ein qualitativ
hochwertiger Ansatz zur Vorhersage des täglichen Gebietsniederschlags in kleinräumi-
gen Einzugsgebieten darstellt und dass eine Weiterentwicklung dieses Ansatzes loh-

Anomaliewert am Gitterpunkt 1 [-]

A
no

m
al

ie
w

er
t a

m
G

itt
er

pu
nk

t2
 [-

]

Abbildung 3: Streudiagramm täglicher Geopontialanomalien an zwei Gitterpunk-
ten nahe dem Untersuchgsgebiet für zwei Niederschlagsklassen.
Tage mit geringen Niederschlagsrisiken zeichnen sich durch positive
Anomalien (hoher Lufdruck) aus, während bei negativen Anomalien
(niedriger Luftdruck) die Anzahl der Tage mit intensiven Nieder-
schlägen deutlich zunimmt.
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nenswert erscheint.

Wie können die Vorhersagen der analogen

Methode verbessert werden?

In dieser Untersuchung wurden mehrere Ansätze zur Verbesserung der analogen
Methode vorgestellt und näher untersucht. Hier werden zwei dieser Ansätze und
deren Resultate näher erläutert:

1. Abstand und Ähnlichkeit atmosphärischer Muster: Die Modellgüte der
analogen Vorhersage wird davon bestimmt, welches Maß zum Vergleich der
atmosphärischen Felder (Muster) verwendet wird. Gewöhnlicherweise wird
ein Entfernungsmaß ausgewählt, welches den Abstand zwischen zwei Feldern
misst. Dabei wird angenommen, dass je geringer der Abstand der Felder, desto
höher die Wahrscheinlichkeit, dass es sich um eine analoge Wettersituation
handelt. Allerdings können sich zwei atmosphärische Muster auch hinsichtlich
ihrer Form ähneln (Abb. 4). Jedoch werden der Abstand und die Ähnlichkeit
zweier Muster bei der Ermittlung analoger Situationen nicht berücksichtigt.
Aus diesem Grund wurde in dieser Untersuchung ein Maß vorgestellt, welches
eine gewichtete Mischung zweier Entfernungsmaße ist, um je nach Bedarf zwi-
schen Musterabstand und Musterähnlichkeit zu variieren. Es konnte gezeigt
werden, dass die Wahl des neuen Vergleichsmaßes die Vorhersage intensiver
Niederschläge leicht verbessern kann, wenn der Informationswert beider Ent-
fernungsmaße ähnlich ist. Zukünftige Untersuchungen sollten überprüfen, ob
das neue Vergleichsmaß auch die Vorhersage über den gesamten Bereich der
Zielgröße verbessern kann.

2. Auswahl einer angemessenen Entfernungsfunktion: Bei der analogen
Vorhersage muss der Entwickler neben dem Vergleichsmaß auch den Wirkungs-
bereich der großräumigen atmosphärischen Variablen festlegen, um den Ab-
stand oder die Ähnlichkeit zwischen zwei atmosphärischen Feldern zu berech-
nen. Normalerweise erhalten die Gitterpunkte, die innerhalb des Wirkungs-
bereiches liegen, dasselbe Gewicht für die Entfernungsbestimmung. Allerdings
ist diese Gewichtsverteilung eine unbefriedigende Wahl, weil gewöhnlicherweise
der Einfluss einer Wirkungsvariablen zum Zielgebiet hin zunehmen sollte. Da
die wahre Verteilung der Gewichte nicht bekannt und eine manuelle Festlegung

Abstand Ähnlichkeit
Muster B
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Muster A
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Abbildung 4: Zwei Arten von Ähnlichkeiten zwischen zwei atmosphärischen
Feldern (Mustern): Musterabstand (linkes Bild) und Musterähn-
lichkeit (rechtes Bild)
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a.) intensiver Niederschlag b.) Abflussdifferenzen

Abbildung 5: Wirkungsbereich der Geopotentialhöhe für zwei verschiedene Ziel-
funktionen: a.)

”
intensiver Niederschlag“ = Minimierung des

Vorhersagefehlers für extreme Niederschlagsereignisse; b.)
”
Abfluss-

differenzen“ = Minimierung des Vorhersagefehlers für kleine
Abflussdifferenzen und hohe positive Abflussdifferenzen.

sehr zeitintensiv ist, wurde daher ein automatischer Algorithmus zur Opti-
mierung der Gewichtsverteilung und somit zur Bestimmung einer geeigneten
Entfernungsfunktion vorgestellt. Es wurde gezeigt, dass der Algorithmus einen
angemessenen Wirkungsbereich für die globale atmosphärische Variable be-
stimmen kann. Zusätzlich konnten die Modellprognosen mit dieser Technik et-
was verbessert werden. Ein Entwickler mit wenig Erfahrung könnte daher mit
dem Optimierungsalgorithmus ein ähnliches Resultat erzielen wie ein Experte.
Allerdings wird die Güte der Modellübertragbarkeit sehr von der Wahl der Ziel-
funktion beeinflusst. Ein Entwickler muss daher eine geeignete Zielfunktion für
den Optimierungsalgorithmus wählen, ansonsten wird ein weniger glaubwürdi-
ger Wirkungsbereich für die großräumige Information festgelegt (Abb. 5). Im
Rahmen dieser Untersuchung stellte sich heraus, dass eine Zielfunktion, die nur
den binären Vorhersagefehler für intensive Niederschlagsereignisse minimiert,
weniger für eine Identifizierung robuster Parameter geeignet ist. Letztendlich
lieferte ein Algorithmus, der den Vorhersagefehler für Abflussdifferenzen mi-
nimiert, die besten Ergebnisse hinsichtlich der Definition eines angemessenen
Wirkungsbereiches und der Modellübertragbarkeit.

Operationelle Anwendbarkeit

Um die Fähigkeiten des Niederschlagsprognosemodells für Warnsituationen der
realen Welt zu testen, wurde in dieser Arbeit zusätzlich ein operationeller Pro-
totyp des Vorhersagemodells entwickelt. Der Prototyp verwendet die Ausgaben
des globalen numerischen Wetterprognosemodells des US-amerikanischen Wetter-
dienstes, um mehrmals täglich eine kurzfristige probabilistische Prognose des
täglichen Gebietsniederschlags für die Einzugsgebiete dieser Untersuchung und für
die nächsten drei Tage zu erstellen. In naher Zukunft wird der Projektionszeitraum
erweitert und die zweite Komponente des Downscaling-Verfahrens, die stochastische
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Simulation raum-zeitlich hochaufgelöster Niederschlagsfelder, in das operationelle
System eingebettet. Das Vorhersagesystem wird dann für Testzwecke in einer der
regionalen Hochwasservorhersagezentralen in Deutschland implementiert.

Schlussfolgerung und Ausblick für zukünftige Untersuchungen

In dieser Untersuchung wurden vielversprechende statistische Techniken zur
probabilistischen Vorhersage des täglichen Gebietsniederschlags vorgestellt und
einige sehr interessante Forschungsfragen im Themengebiet der quantitativen
Niederschlagsvorhersage und -warnung beantwortet. Dennoch gibt es eine Reihe von
weiteren Techniken und Fragen, die in zukünftigen Studien näher untersucht wer-
den sollten. Die für die Anwenderseite dringendste Frage ist, wie ein Vorhersagesys-
tem erstellt werden kann, das möglichst vielen Empfängern nützliche Hochwasser-
warninformationen liefert. Die Arbeit zeigte, dass die Erstellung probabilistischer
Niederschlagsvorhersagen mit statistischen Downscaling-Verfahren und die Analyse
des Entscheidungsprozesses mit dem Kosten-Verlust-Ansatz ein erster angemessener
Schritt zur Erstellung eines solchen Warnsystems zu sein scheint. Die Weiter-
entwicklung dieser Ansätze sollte einen zentralen Bestandteil zukünftiger Unter-
suchungen bilden. Des Weiteren ist es wichtig, die Empfänger der Vorhersagen zu
identifizieren und zu kategorisieren, wobei die Warninformation und deren Weiter-
leitung nach den Bedürfnissen der Empfänger ausgerichtet werden sollte. Dieser
Schritt wurde in dieser Arbeit weniger betrachtet und bedarf einer näheren Unter-
suchung in künftigen Arbeiten.
Letztendlich hofft der Autor dieser Arbeit sehr, dass zukünftige Forschungsar-

beiten von den hier vorgestellten Ideen und Methoden profitieren können und dass
die eine oder andere Idee oder Methodik später in der hydrologischen Praxis ihren
Platz findet.
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1 Introduction

(... In that summer, on the Saturday before St Mary Magdalene [19 July]
it began raining at night it rained the whole night and on the following
day on Sunday [20 July] the whole day, and on Monday [21 July] in the
morning extreme flooding occurred and all the mills and baths around
Prague were destroyed and swept away. And then the bridge of the Major
Town of Prague collapsed at night before the vigils of St Mary Magdalene
from Monday to Tuesday [21 July to 22 July] ...)

Description of a Prague citizen during the tremendous Vltava flood in
July 1432 (taken from Brazdil et al., 2006).

1.1 Motivation

The protection of people, property, and environment against river flooding is a
major challenge in hydrology. In the temperate zones as well as in the subtropics
and tropics flooding is mainly caused by long-lasting large-area precipitation. In
these regions, many people live close to river beds, in particular in poor countries,
whose habitats are threatened by floods. As a typical example the great flood of the
Yangtze River serves in 1931 when more than four million people lost their life both
from the flooding itself as well as from the subsequent famine (O’Connor and Costa,
2004). Fortunately, river flooding in Central Europe is less catastrophic since the
potential of the atmosphere to store water and the speed of moisture fluxes is less
in the temperate zones compared to subtropical and tropical climates. However,
great floods can inundate large areas of a river basin affecting many people and
can lead to high monetary losses for a certain region or country. For instance, the
economic losses of the severe Danube and Elbe flood in August 2002 amounted to
more than 20 Billion US Dollar (Toothill, 2002). During the last years several large
floods occurred in Central Europe, e.g. the Rhine flood in 1993, the Odra flood
in 1997, and the Northern Alp flood in 2005 which caused substantial damage in
several countries.
There are several management strategies in water resources planning to reduce

the flood risk of a certain region. Usually, the protection against river flooding
begins in the head catchment with flood retention reservoirs and ends with a dike
or a (removable) flood wall downstream. However, all flood protection structures
are designed to give protection to a certain water level like a water level that occurs
once every one hundred years. For water levels exceeding this threshold, there is
no protection. It is merely a question of time and not a question of if, when an
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intensive precipitation occurs to cause a flood that exceeds the capability of those
structures.

For the protection against flooding there are warning systems (see Krzysztofow-
icz, 1993; Obled et al., 2004). The outcomes of these systems are taken by decision
makers as a source of information for early warnings to save human lives and to
reduce damages. The integral part of a flood warning system forms a hydrological
prediction model which describes the runoff processes of the real world by mathe-
matical equations to transfer local surface fluxes such as precipitation into discharge
or water level forecast. To describe the actual state of the catchment and to es-
timate the future weather state, a data assimilation system collects observations
from monitoring networks and forecasts from weather prediction models which are
needed to force the hydrological prediction model. The quality of a flood warning
system to trigger a warning early enough mainly depends on the performance of the
weather forecast. In temperate climate zones characteristic for Central Europe, the
key factor that determines the accuracy of a flood warning system is the quality of
the precipitation forecast.

A precipitation forecast can be derived from a variety of prediction models. Prob-
ably, the most established models are global numerical weather prediction (NWP)
models which provide forecasts for up to two weeks for different geographical re-
gions around the world. The main component of a global NWP model is a general
circulation model (GCM). This simulates the current situation of the large-scale at-
mospheric circulation and their prospective evolution. It is well accepted that GCMs
have significant skill in simulating and predicting the atmospheric flow processes at
continental and regional scale, because the main features of the atmospheric cir-
culation are incorporated in a GCM (Zorita and von Storch, 1997). However, the
GCMs predictions are poor for local surface variables like precipitation or tempera-
ture (see e.g. Grotch and MacCracken, 1991; von Storch et al., 1993). There are at
least three reasons for the failure of GCMs (Zorita and von Storch, 1997). Probably,
the most obvious shortcoming is the coarse spatial resolution of GCMs leading to
an incorrect description of the earth surface. For example, the GCM of the global
NWP model of the American Weather Service has a resolution of 0.5◦ (NCEP, 2003),
which corresponds to a grid spacing of around 50 km in Central Europe. However,
for an adequate description of flood producing processes at the local-scale, weather
forecasts in a high spatiotemporal resolution are needed. For instance, the regional
flood forecasting centers in Germany design prediction models for the description
of the runoff processes in small river basins such as head catchments or sub-basins
of the biggest rivers in Germany. In mountainous areas these catchments are often
characterized by a short concentration time during a flood (< 24 h). Thus, a fine
spatiotemporal resolution of the models is crucial to trigger an early warning. For
instance, the prediction model of the regional forecasting centers in Bavaria oper-
ates in an hourly resolution (Hangen-Brodersen et al., 2008). However, the optimal
resolution of a hydrological prediction model is not known (Obled et al., 2004). It
depends on factors such as the concentration time of a catchment and the time
range of the projections. Thus, there is a strong need to design techniques which
can bridge the differences between global NWP models and local-scale applications.

The gap between GCMs and the requirements of hydrological applications is closed
by downscaling techniques (see Karl et al., 1990; Giorgi and Mearns, 1991). Down-
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scaling is based on the assumption that a functional relationship can be estab-
lished between the large-scale atmospheric circulation and the local-scale surface
fluxes such as precipitation (Bárdossy, 2000). In climate modeling, downscaling ap-
proaches are separated into two groups: dynamical (process-based) and statistical
(empirical) downscaling (see e.g. von Storch et al., 1993; Hewitson and Crane, 1996;
Zorita and von Storch, 1997). In weather forecasting the term downscaling is rarely
used although the origin of downscaling comes from this research field (see Karl
et al., 1990; Giorgi and Mearns, 1991). In weather forecasting the term downscal-
ing is also called adaptation of NWP outputs (see Obled et al., 2002). Like global
NWP, dynamical downscaling takes process-based equations for the simulation of
the atmospheric flow processes. The common way of dynamical downscaling is to
nest a limited-area model (LAM) into a GCM to simulate the atmospheric flow in a
high spatiotemporal resolution for a limited geographical region (Giorgi and Mearns,
1991). This provides a high-resolved weather forecast for a region of interest. In
dynamical downscaling it is quite common to apply deterministic approaches which
provide a single realization of the surface variable of interest. These approaches are
favored by many end users (and some researchers as well) since a single forecast is
easy to handle and it allows for a straightforward decision in warning situations.
Unfortunately, the accuracy and the value of deterministic forecasts is poor for the
prediction of intensive precipitation (Atger, 2001; Richardson, 2003) as well as for
other meteorological variables (Zhu et al., 2002; Zhu, 2004). The major shortcom-
ing of deterministic approaches is that the uncertainty of the weather forecasts is
ignored. Weather forecasts are inherently uncertain, irrespective of whether they
are based on prediction models or the knowledge of human forecasters or decision
makers (Murphy, 1985). The uncertainty of weather predictions (and hydrological
predictions as well) is based on different sources such as the incomplete description of
the atmosphere state due to the lacks in observational systems and the assumptions
and the simplifications made during the model development (Murphy, 1985).
For an adequate description of the forecast, including uncertainty of local-surface

variables, downscaling techniques are needed which can quantify all possible real-
izations of the surface variable of interest for different lead times (Bárdossy, 2000)
and which can expresses the forecast uncertainty in probabilities. It is often argued
by the end users that decision making in the face of uncertainty is more difficult
compared to a deterministic forecast meaning that rapid decisions are not possible.
It is true that decision making based on forecast probabilities is not straightforward.
However, there are at least two reasons why the outcomes of weather prediction mod-
els should be formulated and expressed in forecast probabilities (Murphy, 1985):

1. Due to the different sources of uncertainty, a forecaster knows that the out-
comes of weather prediction models are uncertain. This uncertainty should be
reflected in model results and should be also communicated to all users within
a forecasting chain.

2. It can be easily demonstrated that a probability forecast has at least the same
or a higher value than a non-probability forecast.

The latter reason is probably the most convincing argument in favor of the use
of probability forecasts in decision making situations. To illustrate this argument,
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cost-loss approaches can be used (e.g. Thompson and Brier, 1955; Murphy, 1977).
These approaches describe the decision making processes in the real world and their
consequences. There are many examples which demonstrated the higher benefit
of probabilistic techniques compared to deterministic approaches or other forecast-
ing techniques (e.g. Richardson, 2000, 2003), especially for the prediction of local
extremes with a high variability such as intensive precipitation.

To describe the forecast uncertainty, global ensemble prediction systems (EPS)
have been developed in the last two decades and are nowadays well established in
weather forecasting. Several years ago, a mesoscale EPS was proposed to trans-
fer the outcomes of a global EPS through a LAM to provide a high-resolved en-
semble forecast for Central Europe (Montani et al., 2003; Marsigli et al., 2005).
The precipitation forecast of the mesoscale EPS are already tested by one regional
flood forecasting center in Germany to run their hydrological prediction model (see
Hangen-Brodersen et al., 2008). However, the spatiotemporal resolution of ensem-
ble forecasts is usually coarser than the resolution of deterministic forecasts, due
to the high computational demand of those prediction models. Furthermore, only
a limited number of ensemble members are transferred through the LAM and it is
questionable whether the limited number of realizations can approximate adequately
the forecast uncertainty of local surface variables, in particular for longer lead times
and for extremes.

An alternative technique of downscaling is called statistical downscaling. In sta-
tistical downscaling, a transfer function describes the observed relationship between
the large-scale and the local-scale information (Hewitson and Crane, 1996). There
are many reasons for the use of statistical downscaling (see e.g. Zorita and von
Storch, 1997). Probably, the major advantage is that a number of realizations can
be provided for the surface variable of interest to enable an adequate description of
the forecast uncertainty. Like NWP, the techniques of statistical downscaling are
also well established and they have a long history in weather forecasting (see Panof-
sky and Brier, 1958; Glahn, 1985). Today, several national weather forecast centers
apply the techniques of statistical downscaling to provide probability forecasts for
precipitation and other surface variables (Wilks, 2006). The predictand is mostly
the precipitation amount at a certain location (point precipitation). However, hy-
drologists are mainly interested in the precipitation amount over a particular river
basin (areal precipitation).

A methodology for the prediction of areal precipitation was proposed and tested
by Krzysztofowicz et al. (1993). They noted that the forecaster can focus on the
estimation of a single variable instead of taking into account the forecast uncer-
tainty at certain points in a river basin, the high spatial variability and the spatial
dependence of the predictand. Several years later, Obled et al. (2002) proposed
a precipitation model which provides probabilistic precipitation forecasts of up to
seven days for small river basins in France. This model forms a component of a flood
forecasting system designed for early warnings and reservoir operation (Obled et al.,
2003, 2004). The methodology was enhanced by Bontron and Obled (2003) who
took reanalysis data for the model development. Reanalysis data are the simulation
output of a GCM performed for the reconstruction of a past climate. Compared to
the traditional approaches in weather forecasting (see Klein et al., 1959; Glahn and
Lowry, 1972), this kind of model development might have the advantage that the
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bias of a GCM can be incorporated into the model development. This case would
be if the bias of the GCM used to produce the reanalysis information is similar to
the bias of the GCMs applied in global NWP. A further advantage is that a long
data set can be used for the model training and model validation. The latter reason
is particularly useful for the predictions of rare events.
The core of the precipitation model developed by Obled et al. (2002) represents

the analog method (e.g. Lorenz, 1969). The basic idea of the approach is quite
similar to a human forecaster in that the current weather map is compared to an
archive of older weather maps to devise empirical rules for the forecast. Here, the
human forecaster is replaced by an automatic search algorithm. This algorithm
is used to identify past weather states that are similar (analog) to the target one.
Afterwards, the areal precipitation of the analogs is chosen to provide a probabilistic
precipitation forecast for the basin of interest.

1.2 Objective and Research Questions

In this study the basic framework for a precipitation model for short-term (one to
three days) and medium-term (four to seven days) projections is proposed. The
integral parts of this model are the statistical downscaling techniques developed to
meet the requirements of a flood warning system for small river basins. The general
structure of the precipitation model can be divided into two elements: (i) The daily
areal precipitation is predicted for the basin of interest and (ii) the disaggregation
of the areal information into precipitation realizations with a high spatiotemporal
resolution. Finally, the model provides a high-resolved probabilistic precipitation
forecast for the river basin of interest to describe the forecast uncertainty of the
precipitation process for different lead times.
The primary objective of this thesis is the development of statistical techniques to

realize the first element of the downscaling algorithm, the prediction of daily areal
precipitation. This is the most crucial step because an adequate estimation of the
daily areal precipitation is the basic prerequisite for an accurate and valuable flood
warning system.
The precipitation model for the prediction of daily areal precipitation follows the

approach proposed by Obled et al. (2002). Thus, the integral part of this model
represents the analog method. Furthermore, the following research questions are
proposed and addressed in this thesis:

• How accurate is the forecast of daily areal precipitation for small river basins
in Germany, in particular in flood producing situations?

• What is the optimal use of a probability forecast in decision making situations?
And, how valuable are probability forecasts in comparison to other forecast
techniques?

• How accurate and valuable are the predictions of the analog method in relation
to other statistical forecasting techniques?

• How can the traditional way of the analog method be improved?
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The statistical techniques presented in this study are evaluated with past data over a
long investigation period. This is required, since long-lasting large-area precipitation
is a rare event and a number of events are needed to evaluate the goodness and the
weakness of model predictions. Furthermore, the precipitation model should also
demonstrate its capability for operational purposes. Therefore, the basic framework
of an operational system is also proposed in this work which has been developed
during the last years.

The precipitation model is tested for head catchments and the basins of small
tributaries of the Elbe, the Danube and the Rhine. Please note that the methods
proposed here will be adapted for the catchments of this study. Since the operational
model will be tested in the future by the regional flood forecasting center of the
Environmental State Agency Rhineland-Palatinate, Germany, the development and
the comparison of the statistical techniques focus on the catchments in their region
of interest.

The second step of the algorithm is not presented in this thesis but a basic frame-
work of a methodology for the disaggregation of daily areal precipitation was pro-
posed in Bliefernicht et al. (2008). A brief description of the second step is also
given in Obled et al. (2004).

1.3 Outline of the Thesis

The structure of the thesis is similar to the order of the aforementioned research
goals and questions so that the reader can easily follow the investigations to find
some solutions and answers to the proposed questions.

In Chapter 2, a brief overview of the variety of mathematical modeling tech-
niques developed in weather forecasting is given. The strengths and the limitations
of dynamical downscaling are discussed by means of a deterministic and an ensemble
precipitation forecast, commonly taken at the regional flood forecasting centers in
Germany. The motivation and some arguments for the use of statistical downscaling
are presented. In the second part of this chapter, an introduction into forecast ver-
ification is given. It is analyzed which kind of performance measures is appropriate
for the evaluation of the goodness of a probability forecast in warning situations.
In Chapter 3, a brief description of the selected study regions and a short spec-
ification of the data used for the downscaling is given. Additionally, it is shown
when intensive precipitation and floods occur in Germany and what the causes of
the extremes are.

The integral part of this thesis concerns the Chapters 4 to 7. In Chapter 4, the
basic principle of the analog method is presented. It is illustrated that the model
performance of this approach depends on several criteria that must be defined a
priori by the investigator before starting the search algorithm. Since the precipi-
tation model represents an element of a flood warning system, the performance of
the analog forecast is determined for warning situations. Furthermore, an objective
function is proposed which minimizes the forecast error in terms of a binary warning
system (“no warning” and “warning”). Finally, it is demonstrated how an end user
should apply a probability forecast in decision making processes to maximize his
benefit. In Chapter 5, a brief introduction into weather classification is given. An
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automated fuzzy rule-based classification technique is selected to compile a catalog
of daily large-scale circulation patterns for the regions of interest so that days with a
high risk of intensive precipitation can be indicated. Furthermore, it is highlighted
that the choice of the objective function can strongly affect the goodness of the
model transferability. Finally, the forecast performance of this methodology is ana-
lyzed for warning situations and compared to predictions from the analog method.
In Chapter 6, an optimization algorithm for the analog method is proposed to
allow an optimal distance function for the selection of analogs to be defined. It is
demonstrated that the new technique can improve the prediction for intensive pre-
cipitation compared to the traditional way of analog forecasting. Additionally, an
example is given how the classification of circulation patterns can be used for the
enhancement of the analog method. In Chapter 7, a new statistical downscaling
approach is presented which is based on a data depth function. The basic idea of
the approach is highlighted and it is illustrated how this methodology can be ap-
plied for the prediction of daily areal precipitation. The forecast performance of this
approach is analyzed and compared to the analog method developed in this thesis.
Finally, the current status of the probabilistic precipitation forecast system is

briefly described in Chapter 8. The performance of this system is illustrated by
means of a heavy precipitation event that affected western Germany in December
2007. Some examples are presented how to communicate probabilistic precipitation
forecast for warning levels in a suitable way. The thesis ends with a chapter sum-
marizing the work and giving some answers to the proposed research questions and
a brief outlook for future investigation.
Most of the work illustrated in this investigation was part of the project HORIX (a

German abbreviation for Flood Risk Management of Extreme Events). This research
project was funded in the framework of the national research program ’Risk Manage-
ment of Extreme Flood Events’ (RIMAX; www.rimax-hochwasser.de) that became
initiated after the severe Elbe and Danube flood in August 2002. The main objec-
tive of HORIX was the development of a short-term flood prediction model for head
catchments and small tributaries of the Rhine and Elbe basin in Germany. Parts
of this work presented here were also realized in the international research project
PREVIEW (Prevention, Information and Early Warning; www.preview-risk.com)
and in cooperation with the regional flood forecasting center of the Environmental
State Agency Rhineland-Palatinate.
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2 Basic Theory

Since the introduction of computers in weather forecasting a number of prediction
models have been developed. They are established as operational models at national
weather forecast centers providing day by day predictions for different geographical
regions around the world. In this chapter a short introduction about the various
techniques applied in weather forecasting is given and their advantages and limi-
tations are discussed. Additionally, a brief description of two numerical weather
prediction models is presented, whose precipitation forecast are used by the regional
flood forecasting centers in Germany to run their hydrological model. An example of
the precipitation forecast of both models should illustrate the problems of predicting
intensive daily areal precipitation for medium-sized river basins.

The outcomes of weather prediction models are applied by a variety of end users as
source of information for decision making. The primary interest of the users is to gain
a benefit from the weather forecast. To quantify their benefit, the correspondence
between the model predictions and the observation must be quantified. This subfield
of weather forecasting is called forecast verification. In the second part of this
chapter an introduction to forecast verification is given and various performance
measures are proposed to quantify the accuracy and the value of a forecast.

2.1 Weather Forecasting

Weather forecasting is the prediction of the state of the atmosphere for the future of a
given location. In weather forecasting, the atmospheric state of the past is observed
to understand the dynamics and the physical processes of the atmosphere. Based
on this knowledge mathematical models are developed to predict the prospective
evolution of the atmosphere.

The origin of modern weather forecasting goes back to the 19th century. In the
early approaches a forecaster compared a weather map describing the current state
of the atmosphere with past weather maps to devise empirical rules to forecast the
variable of interest. This kind of technique belongs to the group of subjective (man-
ual) forecasting. Since the advance of computer technology, objective (automated)
techniques have mainly replaced the empirical rules made by human forecasters.
These techniques are referred to as being objective since rerunning the model with
the same input will not change the forecast.

The techniques of objective weather forecasting are mainly separated in two
groups: statistical forecasting and numerical weather prediction (NWP, Glahn and
Lowry, 1972). In NWP atmospheric processes are described by physically based
equations. In statistical forecasting a transfer function is established linking a pre-
dictor or a predictor set to the forecast variable of interest. Both techniques are
used at national weather forecast centers, but which kind of technique is preferred
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depends on factors like the spatial scale, the time range of the forecast (lead time),
the forecast variable and the scientist itself. The techniques of statistical forecasting
are widely used in operational weather prediction. An introduction to statistical
forecasting and the techniques used in the research field can be found in Murphy
and Katz (1985) and Wilks (2006). However, since the introduction of global NWP
models in the mid-70ties, the techniques of NWP are well established in weather
forecasting, too. NWP models are mainly used to provide short-term (1 to 3 days)
as well as the medium-term (4 to 10 days) forecasts. The application of statistical
forecasting is usually restricted to very short lead times (e.g. 15 minutes to 6 hours)
since the forecast of NWP models are due to the time-consuming data assimilation
not available for this time range (Wilks, 2006). Statistical forecasting is also applied
for long-term weather predictions (monthly or seasonal) because the lead time of
NWP models is seldom longer than two weeks.
In this investigation a prediction model is developed to forecast the evolution of

daily areal precipitation in meso-scale catchments for the next seven days. Numerical
weather prediction is well established for this lead time. However, it is common to
use statistical techniques since the precipitation forecasts of NWP models are poor
under certain conditions which is explained in the next section.

2.1.1 Global Numerical Weather Prediction

Global NWP models have been established to forecast the evolution of the large-
scale atmospheric circulation. Their development goes back to the work of von
Neumann and his group which developed the first NWP model in 1950 (Simmons,
2004; Fraedrich et al., 2005). Around twenty years later, in 1974, the first global
NWP model became operational at the US National Meteorological Center (NMC;
Simmons, 2004). Today, several national weather forecast centers run their own
global NWP models, so that various forecasts are available for a certain region. For
Central Europe the most relevant global dynamical models are the Global Forecast
System (GFS) of the US National Center of Environmental Predictions (NCEP;
formerly NMC; NCEP, 2003), the global NWP model of the European Center of
Medium Range Weather Forecast (ECMWF; Simmons et al., 1989) and the Global-
Modell (GME; Majewski et al., 2002) of the German Weather Service (DWD).
The main integral part of a global NWP is a general circulation model (GCM)

which simulates the evolution of the large-scale atmospheric circulation. A GCM
consists of two components (Fraedrich et al., 2005): A core describing the dynam-
ics of the atmosphere with primitive thermo-dynamic equation systems based on
the Navier-Stokes equation. Most of the equations are partial differential equations
which cannot be solved in an analytical way. To integrate the equations, numeri-
cal differentiation schemes are applied which give an approximate solutions of the
equations. Usually, a three-dimensional GCM is taken for the description of the
atmospheric flow processes often with an regular grid for the horizontal direction
and a irregular grid for the vertical direction. For instance, the horizontal resolution
of the GFS is 0.5 x 0.5◦ which corresponds to a grid spacing of 35 x 55 km in Cen-
tral Europe. The vertical resolution of the simulation model consists of 64 layers
describing the planetary boundary layer with a finer resolution than the free atmo-
sphere. The internal time step of the GFS used for the integration of the differential
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equations is 7.5 min (NCEP, 2003). Due to the coarse spatial resolution of a GCM
sub grid-scale processes like cloud formation and surface fluxes e.g. precipitation
are not described by the dynamical core. The sub grid-scale processes are simplified
to empirical equations with parameters describing the net effect of these processes
(von Storch et al., 1993). Originally, the GCMs have been developed in weather
forecasting but they are also well established in climate modeling for simulation of
the past climate and to perform projections of the future climate. The GCMs used
in weather forecasting and in climate modeling are based on the same mathematical
concept, but between the models there are often slight differences in model structure
(e.g. global NWM models often contain no ocean model) or in model resolution.
A further component of a global NWP model is the global data assimilation

system which collects a huge amount of observations from a number of meteoro-
logical variables which describes the current state of the atmosphere. Most of the
measurements are from synoptic observations from land and sea stations, but also
measurements from radiosondes and satellites as well as the results of the previous
forecast are incorporated in the GCM (Fraedrich et al., 2005; Simmons, 2004). The
meteorological observations are mostly point information. To define the initial con-
ditions of a GCM, the data must be interpolated to each grid cell. Von Storch et al.
(1999) mentioned that the increase of the forecast quality of global NWP mainly
results from the improvement of the global data assimilation system.

2.1.2 Downscaling

GCMs are suited for the simulation of the current situation of the large-scale atmo-
spheric circulation and to predict their future development (Zorita and von Storch,
1997). It is well accepted that GCMs have significant skill in predicting meteoro-
logical variables at continental and regional scale, because the main features of the
atmospheric circulation are incorporated in a GCM. But in climate modeling as well
as in weather forecasting it has been reported that the predictions of GCMs are poor
for local surface variables like precipitation or temperature (see e.g. Grotch and Mac-
Cracken, 1991; von Storch et al., 1993). The performance of the GCMs are often at
odds with the needs of hydrological applications (Hewitson and Crane, 1996) since
the accuracy of the predictions of the GCMs grows with increasing scale (von Storch
et al., 1993; Xu, 1999). Probably, the major drawback is the coarse spatial resolu-
tion of the GCMs leading to an inaccurate description of the earth surface (Zorita
and von Storch, 1997). Figure 2.1 attempts to illustrate the crucial differences be-
tween the real world and the model world. A second shortcoming of the GCMs is
the incomplete formulation of the sub-grid scale processes which are necessary to
simulate the weather on the local-scale (Giorgi and Mearns, 1991). Zorita and von
Storch (1997) emphasized that sub grid-scale processes have the greatest ecological
and societal impact and there is a broad consensus in the research community for
an adequate modeling of those processes.
To overcome the scale mismatch between GCMs and the requirements of local-

scale applications, in weather forecasting as well as in climate modeling, downscaling
approaches have been developed (see e.g. Karl et al., 1990; Giorgi and Mearns, 1991).
A downscaling approach links large-scale atmospheric variables (predictor) such as
the geopotential height to local-scale surface variables (predictand) e.g. precipita-
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Figure 2.1: Illustration of the real world monitored by observations in comparison
to the world of a general circulation model. Map from Karl et al.
(1989) drawn from Wilks (2006).

tion. The downscaling is based on the assumption that a functional relationship
can be established to describe the observed relationship between large-scale and
local-scale information as follows (Bárdossy, 2000):

y (u, t) = F [x (U, T )] (2.1)

where x is the predictor over the domain U at time T and y is the predictand at
location u and time t. The relationship between predictor and predictand is not
unique and many different realizations are possible for the surface variable of inter-
est (Bárdossy, 2000). Deterministic approaches are based only on a single realization
and are therefore incomplete downscaling approaches, since the main task of down-
scaling is to determine the distribution of all possible realizations (Bárdossy, 2000).
A full downscaling for hydrological applications should encompass all predictands
(e.g. precipitation, temperature or wind) which are relevant for those applications
(Bárdossy, 2000).
In the last two decades a variety of downscaling approaches have been developed.

In climate modeling, downscaling approaches are separated in two groups: dynami-
cal (process-based) and statistical (empirical) downscaling (see e.g. von Storch et al.,
1993; Hewitson and Crane, 1996; Zorita and von Storch, 1997). In weather forecast-
ing the term downscaling is seldom used, although the origin of downscaling is from
this research field (see e.g. Karl et al., 1990; Giorgi and Mearns, 1991). Instead of
speaking of downscaling the notion of

”
adaptation“ of NWP output is sometimes

used (see Obled et al., 2002). The main difference between applications in climate
modeling and weather forecasting is the purpose of downscaling. The primary ob-
jective in weather forecasting is a kind of maximization of the model performance
on a short-term basis, e.g. a day-by-day basis, to describe the state of local surface
variables (Karl et al., 1990). In climate modeling the downscaling applications focus
on the long-term average and the long-term variability of the local surface variable
to reproduce the climate characteristics at the local-scale as accurately as possible.
The techniques of dynamical downscaling applied in weather forecasting can be

separated into deterministic and ensemble forecasting. In the next two sections a
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brief description of both techniques is given. Afterwards, an overview about sta-
tistical forecasting is presented and a brief introduction of the different techniques
used for the development of statistical models is given.

2.1.3 Dynamical Downscaling and Deterministic Forecasting

In dynamical downscaling the relationship between the large-scale and the local-scale
information is described by process descriptions which are physically based. The
typical application of dynamical downscaling is to nest a higher resolution circulation
model within a GCM. The higher resolution circulation model is referred to as
a limited area model (LAM) or regional circulation model, since the atmospheric
circulation of a limited geographical area is simulated (Giorgi and Mearns, 1991).
The GCM forecast is used as the driving force usually in form of time-varying
boundary conditions to run the LAM.
Dynamical downscaling with a LAM allows for a better representation of the to-

pography of the earth surface and enables a more sophisticated description of the
sub-grid scale processes. The main advantage of dynamical downscaling is that con-
sistent downscaled variables are provided (Bárdossy, 2000). Unfortunately, dynamic
downscaling is computationally demanding and LAMs cannot be implemented on
personal computers which hinder the wider use of this technique (Hewitson and
Crane, 1996). The major shortcoming of dynamical downscaling is that often de-
terministic approaches are used providing only a single realization of the surface
variable of interest with no estimation of the forecast uncertainty.
Today, several national meteorological services are running a LAM to provide

spatiotemporal high-resolved weather forecasts for their region of interest. The
MM5 (Fifth-Generation Meso-Scale Model) is probably the most-well known LAM,
developed at the Pennsylvania State University and the US National Center for
Atmospheric Research (NCAR, Grell et al., 1995). In the near future the MM5 will
be replaced by the Weather Research and Forecasting Model (WRF, Skamarock
et al., 2005). For Germany, the LAM of the Consortium for Small-Scale Modeling
(COSMO) is the most relevant regional circulation model in weather forecasting,
formerly known as the Lokal-Modell (LM(E)) of the DWD. A short description
of the COSMO-model is given by Schättler et al. (2008) while a more extensive
description can be found on the website of COSMO (www.cosmo-model.org). The
model is well established in Germany and several regional flood forecasting centers
uses the weather forecasts of COSMO to drive a hydrological model. The current
version of the COSMO-model runs operational in a spatial resolution of 7 km. Since
April 2007 a second version has became operational with a grid spacing of 2.8 km for
shorter lead times (Schättler et al., 2008). However, even with the high resolution
of the COSMO-model mismatches appear with the grid resolution of a distributed
hydrological model. Unfortunately, the spatial resolution of the model is not the
only limitation. The major drawback of the COSMO-model is that only a single
realization of the predictand is forecast thereby ignoring the uncertainty of weather
forecast. For example, in Figure 2.2 the precipitation forecast of the COSMO-
model is compared to observed precipitation for several daily events which occurred
in three medium-sized catchments located in the Rhine, Elbe and Danube basin in
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Freiberger Mulde
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2-yr
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Figure 2.2: Comparison between precipitation forecast of the COSMO-model and
observed precipitation for the 80 largest events (Freiberger Mulde -
Elbe basin, Iller - Upper Danube basin and Upper Main - Rhine basin,
Germany, AE = 2000 to 4500 km2). Daily areal precipitation (6 UTC
to 6 UTC of the next day) from April 2004 to December 2005, forecast
cycle 0 UTC, lead time 6 fh to 30 fh. The thick dotted lines indicate
the precipitation amount for an event with a return period of two years
(2-yr).
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Germany. For the comparison the daily areal precipitation of the forecast is taken
which is the mean precipitation at the grid points of the COSMO-model situated
in the catchment. It is compared to the observed daily areal precipitation. It is the
average precipitation of a gridded data set (1 x 1 km) interpolated from more than
50 stations with daily measurements. Here, the daily areal precipitation is ordered
according to the rank of an event where e.g. the largest event has the rank one.
The comparison shows crucial differences between forecasts and observations which
is a problem for all river basins. The COSMO-model often overestimates, but also
underestimates the observed precipitation. A clear underestimation of the daily areal
precipitation is for a hydrological warning system a big problem. In this case the
warning system would give no alert and an important flood event would be missed.
Please note that in this example the differences between forecasts and observations
are presented for the largest daily observations during a short investigation period
(April 2004 to December 2005). The thick dotted lines indicate the precipitation
amount for an event with a return period of two years. Thus, most of the events have
a low return period causing either no or only a moderate flood in the catchments.
Unfortunately, the forecast uncertainty increases with the precipitation amount and
the differences between model predictions and observations can be even higher for
rare events than for those events illustrated in the example. The weakness of the
deterministic precipitation forecast of the COSMO-model clearly illustrates that
there is a need for the ability to quantify the forecast uncertainty of local-scale
variables. To tackle this problem, ensemble prediction systems (EPS) have been
developed in weather forecasting. They provide a number of realizations for the
variable of interest.

2.1.4 Dynamical Downscaling and Ensemble Forecasting

The origin of ensemble forecasting goes back to the work of Edward N. Lorenz in the
early sixties. He was probably the first meteorologist who studied the predictability
of the atmospheric flow processes in more detail. Lorenz showed that small varia-
tions of the initial conditions of an ordinary differential equation system describing a
convective process lead to substantially different states after a number of iterations
(Lorenz, 1963). From his work it was concluded that the evolution of atmospheric
flow processes depends not only on external factors like solar heating but also on in-
ternal factors. Slight variation of the internal factors can lead to different evolutions
of the atmospheric flow processes. Due to the chaotic behavior of the atmosphere
the forecast uncertainty of weather predictions systems grows with increasing lead
time and the predictions are limited to a certain time range.

Based on the ideas of Lorenz, global EPSs have been developed for weather fore-
casting. Like deterministic systems the main components of a global EPS are a GCM
and a global data assimilation system. Global ensemble forecasting is based on the
assumption that a perfect GCM is used and that the state of the atmosphere cannot
be exactly measured (Du et al., 1997). Due to the limitations in the observations,
the initial conditions of a GCM are perturbed conditionally on the observational
uncertainty. Multiple runs of a GCM are performed starting from the same time
but from different initial conditions (Du et al., 1997). In contrast to a deterministic
NWP model, a GCM of an EPS is usually run in higher spatiotemporal resolution
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to reduce the computational demand.

There are a number of studies comparing global ensemble forecasting with de-
terministic approaches of the same model. Most of the studies showed that the
skill of global EPS is significantly higher compared to a deterministic forecast (e.g.
Richardson, 2000; Atger, 2001; Zhu et al., 2002). Zhu (2004) emphasized that the
skill and value of global EPS is particularly high if the ensemble forecast is expressed
in probabilities. They showed that probabilistic forecasts of the NCEP EPS for the
geopotential height and precipitation performs better for all lead times compared
to deterministic forecasts. Richardson (2000) and Atger (2001) did a similar work.
Richardson (2000) determined the forecast value of the global EPS at ECMWF to
predict precipitation. He illustrated that the economic value of a probabilistic EPS
forecast for rare precipitation events is clearly higher than a deterministic forecast
or the ensemble mean. Atger (2001) compared the precipitation forecast of the
ECMWF EPS and NCEP EPS to the deterministic forecast of the same model. To
verify the forecast he took 12-hourly observations for three winter months from the
rain network in France. Even when the resolution of the global ensemble is lower,
the ensemble forecast has a higher forecast value than the deterministic forecast.
The work of Atger (2001) also indicated that the precipitation forecast of the global
EPS at ECMWF are more skillful compared to the predictions of the NCEP EPS.

Probably, the major problem of ensemble forecasting is that it is computationally
demanding. The researcher must find a good compromise between model resolution
and ensemble size. This question was investigated by Mullen and Buizza (2002).
They showed that the ensemble size is an important factor in predicting rare pre-
cipitation events. They concluded that a global EPS with a lower spatial resolution,
though a larger ensemble size is more valuable than the same model with a higher
resolution but a smaller ensemble.

In the past decade global EPSs have became well established in numerical weather
prediction, providing useful information of the forecast uncertainty of meteorological
variables for different geographical regions around the world. Nowadays, several
national weather forecast centers run their own global EPS. A comparison of the
predictions was performed by Buizza et al. (2005) for the global EPS at NCEP
(Toth and Kalnay, 1993), ECMWF (Molteni et al., 1996) and at the Meteorological
Service of Canada (MSC, Houtekamer et al., 1996). One of the main differences
between the models is the ensemble size. ECMWF run their global EPS with 51
ensemble members which are more than twice as much compared to other ensemble
models. Due to the different ensemble size, Buizza and co-workers selected a subset
from each ensemble with the same size. They showed that the forecast skill differs
only moderately between the models with the ECMWF EPS outperforming slightly
the other models.

The aforementioned studies and techniques show that ensemble forecasting is well
accepted in operational weather forecasting. Ensemble forecasting allows one to esti-
mate the probability distribution of the predictand for future projections to identify
weather states with low and high likelihoods (Zhu, 2004). The value and informa-
tion content from a probabilistic forecast is clearly higher than from deterministic
forecast, which is not surprising, because the user can select the optimal probability
threshold for decision making (Atger, 2001). However, ensemble forecasts rarely
contain more than 50 realizations and it is questionable if this small number can ap-
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proximate the distribution of the forecast variable especially for longer lead times.
A further drawback is that global ensemble predictions are biased like determin-
istic forecasts and the spatiotemporal resolution of their forecasts is often coarser
compared to deterministic approaches (Zhu, 2004).

Due to these limitations, the techniques of dynamical downscaling are applied
to translate the ensembles of large-scale variables to an ensemble of local surface
variables. The common way of downscaling ensemble forecasts is to run a LAM
which uses as boundary conditions the forecast of a global EPS. Each realization of
the global EPS is transferred through the LAM to the local-scale. A second way
of dynamical downscaling is to run a LAM with a deterministic forecast and to
perturb the initial conditions of the regional circulation model to provide ensemble
predictions. This approach is seldom applied, since most of the ensemble applica-
tions focus on medium-term predictions of large-scale atmospheric variables rather
than on short-term applications for local surface variables (Du et al., 1997). A study
pointing out this aspect is presented in Hamill and Colucci (1997).

An example of a regional EPS is the Limited Area Ensemble Prediction System
of the COSMO (COSMO-LEPS, Montani et al., 2003) which takes the outcomes of
the global ECMWF EPS to run the COSMO-model. In 2002, the COSMO-LEPS
started operating to provide Central Europe with high-resolved ensemble weather
forecasts (Marsigli et al., 2005). To save computational power, the ensemble size
of the global ensemble is reduced to 16 members. Each realization of the ensemble
subset is taken as initial and boundary conditions to run the LAM. COSMO-LEPS
provides twice a day a forecast for the next five days. The temporal resolution
of the forecast is three hours with a spatial resolution of around 10 km. A brief
description and an application of COSMO-LEPS for the Elbe and Danube flood in
August 2002 is presented in Marsigli et al. (2004). The skill of COSMO-LEPS in
predicting intensive precipitation was investigated by Marsigli et al. (2005). They
compared the predictions of the regional EPS with the ECMWF EPS and showed
that the COSMO-LEPS can improve the detection of rare precipitation events.

An example of the precipitation forecast from the COSMO-LEPS is given in Fig-
ure 2.3. The forecast is compared to the largest observations which occurred from
January 2007 to December 2007 in an alpine catchment located in the Upper Danube
basin. The daily areal precipitation of the forecast is calculated for each ensemble
realization. It is the mean precipitation at the grid points located in the river
basin. To estimate the uncertainty of the precipitation forecast the maximum and
the minimum value of the ensemble forecast is taken. The curves of the maximum
and minimum value indicate a kind of a confidence interval of the forecast which
encloses many observations. However, the interval also illustrates a large forecast
uncertainty for daily areal precipitation. It is often argued that the forecast uncer-
tainty of ensemble predictions must be reduced by decreasing the ensemble size. But
even the selection of the maximum and minimum value does not prevent that some
observations are outside the confidence interval, in particular for longer lead times
and for the extremes. Furthermore, the example also illustrates that decision mak-
ing based on the ensemble mean clearly underestimates the observations for longer
lead times. In this case it is recommended to select a higher quantile for decision
making to reduce the underestimation.
In Table 2.1 the model characteristics of the GFS, the ECMWF EPS, the COSMO-
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Figure 2.3: Forecast uncertainty of the COSMO-LEPS for the 50 largest observa-
tions and for three different lead times (0 - 24 fh, 48 - 72 fh and 90 fh
- 120 fh), Iller catchment (Upper Danube basin, Germany, AE = 2177
km2). Daily areal precipitation (12 UTC to 12 UTC of the next day)
from January 2007 to November 2007, forecast cycle 12 UTC. The
thick dashed lines indicate the precipitation amount for event with a
return period of two (2-yr), ten (10-yr) and fifty years (50-yr).
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Table 2.1: Model properties of several NWP models and the distributed hydrolog-
ical model LARSIM.

property GFS EPS COSMO COSMO LARSIM
-LM -LEPS

institution NCEP ECMWF COSMO COSMO LUWG
scale global global regional regional local

spatial resol. [km] 40 (80) 40 7 (2.8) 10 1
temp. resol. [h] 3 (12) 6 3(1) 3 1
lead time [d] 7 (16) 10 3(1) 5 3 (7)

forecast cycles [1/d] 4 2 3 2 2
realizations [-] 1 51 1 16 1

LEPS and the COSMO-model are listed. Their characteristics are compared to the
requirements of the distributed hydrological model LARSIM (Large Area Runoff
Simulation Model; Bremicker, 2000) run at the LUWG. The operational mode of
the LARSIM is commonly used at the regional flood forecasting centers in Germany
(see e.g. Hangen-Brodersen et al., 2008). Even the high spatiotemporal resolution
of the COSMO-model and the COSMO-LEPS does not fit the resolution of a dis-
tributed hydrological model. However, the spatiotemporal resolution of the LAR-
SIM is usually an intuitive choice of the user which must be not necessarily the best
choice. Obled et al. (2004) mentioned that the optimum spatiotemporal resolution
of a flood forecasting model can vary and depends on catchment properties such as
the response time. The same applies also for the number of realizations needed to
describe the forecast uncertainty. The use of ensemble forecasts is usually restricted
to a constant and to a small number of ensemble members. As the example in Fig-
ure 2.3 demonstrates, it is questionable whether the limited number of realizations
can approximate the forecast uncertainty of the surface variable in particular for
longer lead times.

The aforementioned examples illustrate a clear need to develop alternative down-
scaling techniques to describe the distribution of local surface variables with a vari-
able number of realizations for different lead times. These downscaling techniques
should be flexible and easy to handle in order to fit the requirements of flood fore-
casting models and to provide reliable and unbiased weather forecast with a high
quality and value. In the next sections alternative forecasting techniques based on
statistical approaches are proposed.

2.1.5 Statistical Downscaling and Forecasting

In statistical downscaling the observed relationship between the large-scale and a
local-scale information is described through a transfer function (Hewitson and Crane,
1996). This transfer function is a statistical model which usually translates anoma-
lies of the large-scale atmospheric flow to anomalies of the local-scale surface variable
(Zorita and von Storch, 1997).

After Hewitson and Crane (1996) statistical downscaling is based on following

19



CHAPTER 2. BASIC THEORY

assumptions:

1. The local-scale surface variable is a function of the large-scale atmospheric
flow.

2. The large-scale atmospheric flow is reliably simulated by a GCM.

3. The functional relationship remains valid for other time periods than the cal-
ibration period.

The assumptions made by the authors are not only valid for statistical downscaling.
They must be also fulfilled in dynamical downscaling to produce reliable predictions
for the local-scale surface variable. The latter assumption is the most difficult to rec-
oncile for applications in climate change modeling, since the functional relationship
established in the past must be also valid for a future climate with a doubled-CO2
concentration (Wetterhall, 2005). Fortunately, in weather forecasting the projec-
tions are only made for the next few days or weeks in advance which enables to test
the third assumption directly.
During the last decades a variety of statistical downscaling approaches have been

developed. A comprehensive list of case studies for downscaling precipitation and
temperature is given in Wetterhall (2005). A classification for the techniques used
in statistical downscaling has been proposed by several authors (see e.g. Zorita and
von Storch, 1997; Wilby and Wigley, 1997). Bárdossy (2000) distinguishes three
main techniques of downscaling:

• Regression methods: These approaches are the most frequently used tech-
niques. Regression methods establish a linear or nonlinear relationship be-
tween the predictor and predictand (Wilby and Wigley, 1997). The choice of
reliable predictors and the regression functions are crucial steps. Since the form
of the function is often not known, a trial and error procedure is performed to
identify a representative function. Afterwards, a screening procedure is used
to scan through an archive of physical reasonable predictors and to integrate
step by step the predictors into the equations system (see e.g. Wilks, 2006).
Artificial neural networks as well as canonical correlation belong to this group
(see Zorita and von Storch, 1997; Wilby and Wigley, 1997). Brunet et al.
(1988) presents an example of a regression method used for the prediction of
precipitation probabilities in weather forecasting.

• Resampling: Resampling techniques, like the analog method, identifies a
subset of past weather states similar to the current one. Depending on the
degree of similarity a probability can be assigned to each state of the subset
(Bárdossy, 2000). In contrast to regression methods, only a portion of the
data is selected for the forecast day to provide a prediction for the variable
of interest. An example of analog forecasting for temperature is given in
Kruizinga and Murphy (1983) and for daily areal precipitation in Obled et al.
(2002).

• Conditional (probability) approaches: The techniques of conditional down-
scaling apply an intermediate step to classify the large-scale atmospheric flow
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information into circulation (weather) patterns. The model parameters of re-
gression methods and resampling techniques determined are then conditioned
on the circulation pattern type. A number of studies use autoregressive tech-
niques to perform a conditional simulation. In a temperate climate zone local-
scale variables have a seasonal variation. To account for the intra-annual vari-
ability conditional approaches are also created by classifying the large-scale
flow information into subcategories based on the season.

Each of the techniques used in statistical downscaling have advantages as well as lim-
itations. The performance of the downscaling approaches depends on many factors
so that the selection of a particular downscaling technique for a specific purpose is
not straightforward. Therefore, it is quite common to work with several approaches
to point out a suitable one for a certain downscaling objective.
There are several features of statistical downscaling which made their use in op-

erational weather forecasting very attractive:

1. The techniques of statistical downscaling can be used to provide quick solu-
tions. They are easy to implement on personal computers so consequently a
greater number of researchers can use these techniques (Hewitson and Crane,
1996).

2. Statistical downscaling delivers by-products (Zorita and von Storch, 1997). It
can be applied to verify and to reconstruct historical data, to fill data gaps
and to identify erroneous measurements. It can be also used to validate the
output of GCMs or LAMs. Statistical downscaling techniques are crucial for
the development of reliable downscaling approaches in weather forecasting as
well as in climate modeling.

3. Local surface variables are often influenced by local effects (e.g. topography,
exposition). In contrast to dynamical approaches the local properties of the
predictand are integrated to the equation system during the development.

4. Statistical downscaling enables the researcher to focus on certain areas of the
distribution function of the predictand. An objective function can be created
to maximize e.g. the forecast performance for extremes.

5. Probably, the major advantage of statistical downscaling is that the main task
of the downscaling process can be fulfilled due to the computational efficiency.
A large number of realizations can be generated to approximate the distribu-
tion of the predictand for different lead times.

In the literature it is sometimes mentioned that a detailed knowledge of physical
processes is not needed for statistical downscaling. Nonetheless, an understanding of
physical process is crucial and the process knowledge should be included in the model
development to create reliable approaches (Wetterhall, 2005). Physical processes of
the atmosphere are non-linear and a downscaling approach describing a process with
a linear relationship should be carefully used. This model might reasonably predict
the mean of the variable of interest, but it can fail for extremes. Thus, to set up a
robust functional relationship long and homogeneous data for both the predictand
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and the predictor are needed. Another shortcoming is the discrete character of the
forecasting procedure, if conditional approaches are selected for the downscaling.
Before a statistical downscaling technique is implemented for the operational

phase, the model predictions are tested for the past. To determine the model quality,
the differences between the predicted and the observed value of the surface variable
of interest is calculated. The validation with past data presents a crucial step in
downscaling and there are usually different techniques how to perform a validation.
The common way is split-sampling which divides the data of the investigation period
in two subsamples. The first subsample is used to determine a reasonable predictor
and to calibrate the model. The second subset is taken to test the model transfer-
ability with independent data by running the model with the same settings defined
during the calibration. If the calibration and validation procedure is repeated sev-
eral times, a more robust validation form can be created. This kind of techniques is
called cross-validation. However, a validation form based on past data only deter-
mines the model skill for the past. The “true” performance of the methodology can
only be quantified if the model has been implemented operationally.
Depending on the kind of data used for the model development, two different

techniques are distinguished in weather forecasting (Wilks, 2006):

• Perfect Prog: In perfect prog(nosis) (PP) observed predictors are taken to
develop the functional relationship (Klein et al., 1959) between predictor and
predictand. The predictors are mostly derived from a gridded climatological
data set describing the large-scale atmospheric flow processes over the area of
interest. In PP long and homogeneous time series can be used for the model
development which is an advantage for forecast models designed for extremes.
However, in the implementation phase the forecast of global NWP model is
used. PP relies on the assumption that the predictions of global NWP models
have no systematic error.

• Model Output Statistics: A second technique is called Model Output
Statistics (MOS, Glahn and Lowry (1972)). MOS takes the outcomes of a
global NWP model to establish the statistical equations which allow to incor-
porate the bias of a NWP model. But for the development of the equation
systems a long and homogeneous data set is rarely available, since operational
NWP model are continuously enhanced and updated several times per year.
After any significant change of the NWP model the statistical relationship
must be redeveloped. Model changes are often too frequent so that a robust
equation system cannot be established and development costs often become
too high (Wilson and Vallée, 2002).

The techniques of MOS and PP are well established in operational weather fore-
casting and a number of national weather services perform statistical forecasts with
MOS and PP. A list of national weather services using MOS approaches is given in
Wilks (2006).
A third technique uses reanalysis data for the model development. Reanalysis

data is the outcome of a GCM which has been used to simulate the large-scale at-
mospheric circulation for the past. These data are mainly taken for the development
of downscaling approaches in climate modeling, but it can be also used in weather
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forecasting (see Bontron and Obled, 2003). The use of reanalysis has the advantage
that long and homogeneous time series for various large-scale predictor sets are avail-
able based on the information reproduced by a GCM. The model development with
reanalysis data enables the incorporation of a number of past weather states lead-
ing to extremes at the local-scale. It allows also one to consider the bias of global
NWP during the model calibration. Even so, the GCMs taken for the prepara-
tion of the reanalysis often use slightly different parameterization and discretization
schemes compared to the GCMs used in operational applications. Downscaling with
reanalysis data assumes that both GCMs produce the same model bias.

The techniques of statistical downscaling used at the national weather services
are mainly designed to perform prediction for the local surface variable for a given
point. Due to the stochastic character of precipitation, the performance of the
forecast models predicting point precipitation at a daily time scale or even in a
higher temporal resolution is often poor. To overcome that problem, the mean
precipitation, for example, of an area of interest can be taken as predictand. Such
a methodology has been proposed by Obled et al. (2002), who developed an analog
forecasting algorithm for the prediction of daily areal precipitation for a river basin
of interest. To meet finally the requirements of a hydrological prediction model, the
daily areal precipitation is disaggregated into hourly precipitation realizations (see
Obled et al., 2004) to reflect the mean precipitation characteristics of a catchment.

2.2 Forecast Verification

In forecast verification the correspondence between model predictions and observa-
tions is measured to assess the forecast performance of a prediction model for the
variable of interest. It is based on the assumptions that the observations can rep-
resent the real world processes in an adequate manner. The closer the difference
between model predictions and observations, the higher the performance of a pre-
diction model is and the more appropriate the forecast of the real world processes
are.

One of the earliest attempts was made by J. P. Finley in 1885 who measured
the quality of an experimental tornado forecast (see Murphy, 1996; Jolliffe and
Stephenson, 2003). The work well illustrates that the selection of an appropriate
verification measure is a crucial factor in weather forecasting. The deficiencies of his
method activated a broad discussion in this discipline and led to several researchers
proposing more suitable performance measures (Murphy, 1996). Today, a large
number of performance measures are used in forecast verification. A good overview
is given in Wilks (2006). The book of Jolliffe and Stephenson (2003) probably
presents the most comprehensive work, including also an outlook on present and
future directions in forecast verification.

There is a common consensus in the research community that a single verifica-
tion measure cannot be preferred since each measure has its strengths and also its
weaknesses. To find an appropriate measure, the forecaster must select one or a
combination of two or even more criteria depending on the purpose of the forecast
model. In this study a verification measure must be selected which can quantify the
performance of a probability forecast since the forecast uncertainty is expressed in
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probabilities. Additionally, the presented forecast model is also a component of a
warning system. If the forecast exceeds a certain warning level, a decision maker
must uses model predictions as source of information to decide between an alarm
for protective action or no alarm. Thus, in this investigation a verification measure
is also needed which can quantify the performance of a warning system.
In the following sections some common verification measures are proposed which

can be used to evaluate the performance of a probability forecast (Section 2.2.3) and
the forecast of a warning system (Section 2.2.4). But at first, the following question
will be addressed in more detail:

2.2.1 What is a Good Forecast?

This question was actually proposed and discussed by Murphy (1993). He defines
three types of goodness in weather forecasting:

• Consistency : Type I goodness. It is defined as the correspondence between
forecasters’ judgment and their forecasts.

• Quality : Type II goodness. It is the correspondence between observation and
forecast.

• Value: Type III goodness. A forecast has a value provided that the user gains
a benefit from it.

All goodness types are essential in forecasting. The type I goodness, forecast con-
sistency, is the most difficult type to measure, since the forecaster’s (or decision
maker’s) judgments is based on a model forecast; their empirical knowledge and
all further information are internal statements which are not available for evalua-
tion. Only the external statements made by the forecaster in written and verbal
form can be verified by the observations provided, of course, that these statements
are listed consecutively (Murphy, 1993). Since forecast consistency is quite diffi-
cult to quantify, any verification technique to measure this type of goodness is not
proposed in this chapter. For a more detailed discussion the reader is referred to
Murphy (1993). In this study we assume that there is no inconsistency between the
forecaster’s judgments and their external statements.
The type II goodness, forecast quality, is the most well known goodness and has

received a great deal of attention so that many performance measures have been
developed to quantify this goodness. Murphy (1993) noted that several attributes
can be used to describe this type of goodness. The following four are probably the
most common attributes. Here, we follow the description of Wilks (2006):

• Accuracy : It defines the mean differences between observation and forecast.
Needless to say, the higher the accuracy, the lower the differences between
forecast and observations.

• Bias : It defines the differences between the average observation and the aver-
age forecast. If the average of the forecast is higher than the average observa-
tion, the forecast model overestimates the predictand. The bias is also called
unconditional bias.
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• Resolution: It is defined as the capability of the forecast model to distin-
guish between situations under which an event occurs in the future or not.
For an illustration of this attribute we split up the rainfall forecast into five
categories: “no rain”, “light”, “moderate”, “intensive” and “very intensive
rain”. Yesterday, “no rain” and the day before yesterday “very intensive rain”
was observed. If the same categories were predicted by the model, a forecast
would have perfect resolution. The forecast has no resolution if the forecast is
“moderate rain” for both days.

• Reliability : A reliable forecast provides unbiased estimates of the predictand
with different forecast probabilities. To illustrate this attribute, we consider
the daily forecast of rainfall probabilities for two categories “no rain” and
“rain” for a given forecast period such as 10 years. Then, we determine e.g.
the average observed frequencies of a rainy day for all days with a forecast
probability of 10 %. A forecast is perfectly reliable for those days if the average
observed frequency is also 10 %, which means that on 10 % of those days a
rain event was observed.

• Sharpness : It is an important attribute for measuring the forecast uncertainty
of probabilistic forecast. The smaller the sharpness, the higher the forecast
uncertainty of a probability forecast. The probability forecasts of two predic-
tion models can have the same accuracy but different sharpness. In the event
of this, this prediction model should be selected that has the higher sharpness.

The aforementioned forecast attributes seem to be crucial for the development of
a model. This is because the model predictions are related to the observations
and each attribute presents particular information about the forecast quality which
cannot be given by another attribute. The development of an overall measure that
quantifies all attributes is certainly possible. However, it can be useful to determine
the attributes step by step to investigate where the weakness and strength of the
model prediction is. This is probably one of the main reasons why more than one
performance measure is needed to describe the quality of a prediction model.
Note that the selection of the forecast attributes also depends on the purpose

of the model. For example, bias is an attribute which may indicate a systematic
error of the forecast. Usually, a forecast should be as accurate as possible and any
systematic error should be avoided. However, a perfect forecast is not possible.
There are always differences between forecast and observations leading to either an
over- or an underestimation of the predictand. In the case of a warning system,
a slight underestimation has different consequences than a slight overestimation of
the predictand. Unfortunately, the traditional measures of bias cannot describe this
asymmetry.
The forecast value, the type III goodness, is probably the most crucial type of

goodness especially when the outcomes of the prediction model are used in warning
situations for decision making which can affect the benefit of the end users. In
Section 2.2.5 the idea of this type of goodness is highlighted in detail and a simple
method is proposed for the description of a decision making process. Furthermore,
it is illustrated that this approach can describe the aforementioned problem and the
asymmetry between the negative outcomes of a warning system. To quantify the
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accuracy of a probability and a binary forecast, suitable performance measures are
proposed in Sections 2.2.3 and 2.2.4. Furthermore, in Section 2.2.3 a measure that
determines resolution and reliability of a probability forecast is presented.
Before presenting appropriate performance measures for the evaluation of the

prediction model developed in this study, the basic idea of a skill score and a skillful
forecast is explained.

2.2.2 Skill Scores

A high degree of similarity between forecast and observation indicates also a high
degree of forecast accuracy. But a high accuracy must not correspond necessarily
to a skillful forecast. To decide whether a forecast has skill or not, skill scores have
been developed in forecast verification. They are relative measures of a verification
measure comparing the forecast against a low-skill reference forecast. A skill score
SS is defined in the following manner (Potts, 2003):

SS =
S − S0

S1 − S0

(2.2)

where S is the value of the performance measure based on the forecast, S1 is the
value of the measure of the perfect forecast and S0 is the value of the performance
measure of the reference forecast. A positive skill score indicates an improvement
compared to the reference forecast. If S is equal to S1, the forecast is perfect and
the forecast skill of a model is 1. If the forecast skill is negative, the forecast is worse
compared to the reference forecast.
At least three different types of low-skill reference forecast can be distinguished

(see e.g. Potts, 2003):

• Random forecast: Forecasts are derived randomly from the marginal distri-
bution of the observation.

• Persistence forecast: The observed value of the last measurement is taken
for the forecast.

• Climatological forecast: The mean value of the observation is used for the
forecast.

By using Equation 2.2 anyone can create their own skill score. However, it is im-
portant to select an appropriate baseline to create a useful skill score. The selection
of a reference forecast depends on factors like the time scale of the predictand (e.g.
daily or weekly), the predictand itself (e.g. precipitation or discharge) and the lead
time of the prediction model (e.g. short-term or medium-term). The selection of the
climatological forecast is not a good reference, e.g. if a short-term warning system of
intensive rainfall is developed. In this case, the mean of the observations will always
underestimate an extreme and no warning will be given by the forecast model. A
random forecast gives sparse warnings but mostly to the wrong time. Predicting
intensive rainfall with persistence is more suitable than a climatological or a random
forecast, in particular for days with a similar weather pattern. Although, the longer
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the lead time of the forecast model is, the poorer the persistence forecast is. For
longer projections the climatological forecast is usually selected as reference.
The selection of a reference forecast is not only restricted to a low-skill reference

forecast. The forecast of a model can be also used as baseline if the purpose of a
study is the comparison of two or more models.

2.2.3 Probability Forecast

Forecast probabilities are mostly expressed in form of the exceedance probability
fp(t) at a given forecast time t. The exceedance probability is the probability
P(y(t)) that the predictand y(t) will exceed a certain event threshold yt defined
by the forecaster. The exceedance probability is the complementary of the cumu-
lative distribution function F(y(t)) with fp(t) = 1−F(y(t)) = 1−P(y(t)) ≤ yt). For
example, to define a wet day for a certain location in Germany, a forecaster se-
lects a precipitation amount of 1 mm/d as threshold. The climatological occurrence
frequency of this event is 30 %. A forecast probability of 90 % (fp(t) = 0.9) for
this event would indicate a high likelihood for the occurrence of a wet day since
the forecast probabilities are three times larger than the climatological frequency.
While a forecast probability of 10 % (fp(t) = 0.1) would indicate the contrary, a low
likelihood for a wet day.
To measure the accuracy of the probability forecast, the correspondence between

a time series of the forecast probabilities and a time series of binary observations is
calculated. The binary observations are derived by comparing the realizations of the
predictand with the event threshold. If the predictand is larger than the threshold
value, the event occurs and the observation ob (t) is 1:

ob (t) = 1, for y (t) > yt (2.3)

If the realization of the predictand is smaller or equal to the event threshold, no
event is observed and the observation is zero:

ob (t) = 0, for y (t) ≤ yt (2.4)

The accuracy of a probability forecast is measured by calculating the mean square
difference between both time series. This performance measure is called Brier score
(Wilks, 2006):

BS =
1

n

n
∑

t=1

[fp (t)− ob (t)]
2 (2.5)

where n is the number of joint pairs of observation and forecast used for the com-
parison. The values of the BS ranges between zero and 1 since the observations and
forecasts are standardized to an interval of zero and 1. The smaller the value of BS
is, the smaller are the differences between observations and forecasts. A BS of zero
indicates a perfect forecast. The original form of the BS proposed by Brier (1950) is
different to the performance measure defined in Equation 2.5, though is commonly
named Brier score in forecast verification (for a brief discussion see Wilks, 2006).
The BS is a function of the event threshold. The variation of this threshold

enables the forecaster to examine the skill of a forecast model over the entire range
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of the predictand. For instance, if a precipitation threshold of 0.1 mm/d is selected,
the probability forecast is evaluated whether it is able to separate among dry and
wet days. To focus on extremes, a precipitation threshold which corresponds to a
low return period of an event must be selected by the forecaster.
The Brier score can be decomposed in two terms describing reliability and res-

olution of a probability forecast. It illustrates a clear relationship between these
forecast attributes (Murphy, 1973):

BS =
1

n

k
∑

i=1

ni (fp,i − ōi)
2 −

1

n

k
∑

i=1

ni (ōi − ō)2 + ō (1− ō) (2.6)

The first term of the equation describes reliability, the second term resolution and
the third term uncertainty. In the case of the reliability term, forecasts and obser-
vations are sorted in dependence to the forecast probabilities fp,i into k classes and
for a class i the arithmetic mean of the binary observation ōi is calculated:

ōi =
1

ni

ni
∑

i=1

ob,i (2.7)

which is equal to the conditional relative frequency. ni is the number of joint pairs
of observations and forecasts for a class. ō is the mean of the binary observations of
the entire sample:

ō =
1

n

n
∑

t=1

ob (t) (2.8)

which is equal to the unconditional relative frequency of the event selected for the
evaluation. The reliability term presents a measure of the conditional bias. If
the reliability is zero, the conditional observed frequencies are equal to the forecast
probabilities and the forecast does not contain any conditional bias (perfect reliable).
The resolution describes the ability of the forecast to separate between events with
different frequencies. For each class the conditional relative frequency is compared
with the climatological frequency. The larger the differences are, the better the
resolution of the forecast is. The uncertainty term is not affected by the forecast
since it depends only on the observed frequencies.
Forecast probabilities can be also issued for event categories (e.g. “no rain”, “light

rain”, “moderate rain” and “intensive rain”) if the forecaster is interested in more
than two outcomes. To measure the forecast accuracy for a categorical probability
forecast, the ranked probability score RPS is usually selected (Epstein, 1969). This
score is equal to the arithmetic mean of a Brier score for k selected event thresholds
if for both scores the same boundaries are taken to define the event categories (Toth
et al., 2003):

RPS =
1

k

k
∑

i=k

BSk (2.9)

RPS summarizes the forecast accuracy of a probability forecast over the entire range
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of the predictand if the corresponding event thresholds are selected. Thus, the value
of RPS strongly depends on the selection of the thresholds.
To compare the quality of a probability forecast against a reference forecast the

Brier skill score BSS (Wilks, 2006):

BSS =
BS − BS0

BS1 − BS0

= 1−
BS

BS0

(2.10)

and the ranked probability skill score RPSS are usually taken:

RPSS =
RPS −RPS0

RPS1 −RPS0

= 1−
RPS

RPS0

(2.11)

The scores of the perfect forecast BS1 and RPS1 are zero which enables a reduction
of the skill score. BS0 and RPS0 represent the scores of a reference forecast which is
the climatological average forecast (here the unconditional relative frequency of an
event). BSS and RPSS range between minus infinity and 1. A model improvement
is indicated if the score is larger than 1. The forecast is perfect if the skill score is 1.
It is also possible to create relative measures for reliability and resolution after

dividing each term of Equation 2.6 by the uncertainty term (Toth et al., 2003):

Brel =
1
n

∑k

i=1 ni (fp,i − ōi)
2

ō (1− ō)
(2.12)

where Brel is the relative measure of reliability. To get a negatively oriented measure
for the resolution, its relative measure Bres is subtracted from one:

Bres = 1−
1
n

∑k

i=1 ni (ōi − ō)2

ō (1− ō)
(2.13)

Both measures range between 0 and 1. If both scores are zero, a probability forecast
is perfect. They are related to the Brier skill score in the following way (Toth et al.,
2003):

BSS = 1− Brel − Bres (2.14)

The scores and skill scores presented in this section are the most common verifica-
tion scores in weather forecasting used to quantify the quality (accuracy, reliability
and resolution) of a probability forecast. However, in decision making situations a
probability forecast is converted to a non-probability forecast (e.g. “no warning”
and “warning”). In the next section this conversion is illustrated and some verifica-
tion measures are introduced to estimate the forecast accuracy of a non-probability
binary forecast.

2.2.4 Binary Forecast

A binary forecast presents the simplest type of a non-probability forecast. To create
a time series of binary forecasts from a time series of probability forecast, the fore-
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Table 2.2: Possible outcomes of a binary forecast. yes = event is forecast (ob-
served), no = no event is forecast (observed). After Mason (2003).

Forecast Observations
Yes No

Yes Hit a False alarm b
No Miss c Correct rejection d

caster must select a probability (decision) threshold pt. If the forecast probability
exceeds this threshold value, the event is forecast and the binary forecast fb (t) = 1.
If the forecast probability is smaller or equal to the decision threshold, no event
is forecast and fb (t) = 0. Depending on the choice of the decision threshold the
forecaster can choose between a warning system which gives alarms less or more
frequently.
The following example may illustrate the conversion of the probability forecast

and should demonstrate the importance of the decision threshold. A forecaster
defines a precipitation event which is larger than 40 mm/d as the warning level.
The event has a return interval of one year (one day in 365 days) which corresponds
to a relative frequency of sl = 1/365 ≈ 0.003. The forecaster defines as decision
threshold the exceedance probability pt = 0.3 which is a hundred times larger than
the climatological risk of the event. If the forecast probabilities exceed this threshold,
30 % of the precipitation realizations are larger than 40 mm/d which indicates a
high likelihood for intensive rainfall. But it means also that a warning is only given
if at least 30 % of the realizations are larger than the warning level. If the forecaster
selects a smaller threshold e.g. pt = 0.03 (ten times larger than the climatological
risk), then only 3 % of the precipitation realizations are needed to trigger a warning.
To estimate the accuracy of a binary forecast, the time series of binary forecasts is

compared to a time series of binary observations. The conversion of the observation
to a binary time series is analog to the transformation shown in Equation 2.3 and
Equation 2.4.
The outcomes of a binary forecast are two positive outcomes, a hit and a correct

rejection, and two negative outcomes, a false alarm and a miss (see Table 2.2). The
meaning of a hit and a false alarm should be familiar while the meaning of the other
outcomes may not be so intuitive. A miss is an observed event which has not been
forecast. If no event is forecast and also no event is observed, the result is called a
correct rejection.
An accuracy measure of a binary forecast is the hit rate HR:

HR =
a

a+ c
(2.15)

where a is the number of hits and c is the number of misses. The hit rate is the
ratio of events which are correctly forecast.
A forecaster is usually interested in maximizing the detection of events. If the

warning system gives more alarms, the hit rate can rise but it is also possible that
the number of false alarms b increases. Thus, the accuracy of a binary forecast
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cannot only be described by the hit rate and a second measure, the false alarm rate
FA, must be taken into account:

FA =
b

b+ d
(2.16)

where d is the number of correct rejection.
A simple skill score based on both accuracy measures is the Peirce’s skill score

PSS = HR − FA (Peirce, 1884). If HR is larger than FA the binary forecast is
skillful and PSS is greater than zero. The binary forecast is perfect if PSS equal
to 1 with HR = 1 and FA = 0. The hit rate can be also plotted in dependence of
the false alarm rate for different event thresholds which is called relative operating
characteristic curve (ROC-Curve) (see e.g. Mason, 2003). Zero skill is indicated by
the diagonal of the diagram (HR = FA).
The skill of a binary forecast can be also expressed in terms of the Heidke skill

score HSS (Heidke, 1926):

HSS =
PC − PCr

1− PCr

(2.17)

It is based on the proportion correct PC which describes the ratio of the correct
forecasts:

PC =
a+ d

n
(2.18)

PCr is the proportion correct of a random forecast and n is the number of joint
pairs of observations and predictions. The Heidke skill score ranges from -1 to 1.
A positive score indicates that the forecast has a higher accuracy predicting binary
events than a random forecast. A score of 1 means a perfect forecast.
The HSS and the PSS represents common skill scores for the evaluation of a

binary forecast. However, both measures are not appropriate for the verification of
a binary warning system. In decision making situations both negative outcomes of
a binary warning systems (a false alarm and a miss) lead to different consequences.
Usually, the potential damages of a miss are higher compared to a false alarm. How-
ever, this asymmetric relationship between both negative outcomes is not accounted
in the HSS and the PSS. There are a number of further binary performance mea-
sures (see for an comprehensive overview Mason, 2003) and also modifications of the
Heidke skill score (see von Storch and Zwiers, 1999). But none of these scores can
consider the asymmetric relationship between a false alarm and a miss. To overcome
that problem, performance measures based on a cost-loss approach must be selected.
The basic idea of these approaches is presented in the next section.

2.2.5 Cost-Loss Situation and Forecast Value

The outcomes of weather prediction models are used as a source of information for
decision making. In warning situations, the decision maker must choose between
different courses of action such as “protective action” or “no action”. The various
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Table 2.3: Expense matrix of a binary warning system. The four outcomes (hit,
false alarm, miss and correct rejection) of a binary forecast are related
to a cost C and a loss L. After Murphy (1977).

Action Observations
Adverse weather No adverse weather

Protect Cost C Cost C
Do not protect Loss L 0

ways can lead to different consequences but a decision maker does not know which
way is the best, since the outcome of the event is not known. In dialog with decision
makers therefore the following questions often arise:

• What is the best course of action?

• How can we quantify the different consequences of the decision making process?

• How valuable are weather forecasts?

A further problem is the forecast technique. A number of decision makers favor
a deterministic forecast since the handling of a single forecast is straightforward
in warning situations. If the realization of the variable of interest exceeds a given
warning level, the decision maker can use this information to trigger an alarm or
not. But many decision makers are aware that the outcomes of weather prediction
models are uncertain and that this uncertainty should be reflected in the forecast.
Unfortunately, decision making in the face of uncertainty is more difficult compared
to a deterministic forecast because more information is provided due to the number
of realizations describing the uncertainty for the variable of interest. Thus, the
following questions should be also addressed:

• How to handle a probability forecast?

• What is the optimal use of a probability forecast, especially in warning situa-
tions?

A third problem in decision making are the various users which are located in the
region of interest of a decision maker. The users are mainly interested in profiting
from the weather predictions. The benefit to them does not only depend on the
value of the decisions, but also on the user itself. For instance, if the warning
system triggers an alarm, the user takes protective action which is associated with a
cost. However, the amount of cost needed for protection depends on the user itself,
since his needed level for protection might be higher or lower compared to that of
the other users. Thus, the following questions should also be also taken into account
when developing a warning system:

• How can we distinguish between users?

• And, can we quantify their benefit?

32



2.2. FORECAST VERIFICATION

To address these questions, several cost-loss approaches have been introduced in
weather forecasting. The simplest approach is presented in Thompson and Brier
(1955) which is based on a method originally proposed by Anders Ångström in 1922
(see also Liljas and Murphy (1994). The approach describes the cost-loss situation
of a two action, two state decision making problem (Murphy, 1977). It is based on
the assumption that the decision maker is risk neutral and that a decision is only
influenced by the weather forecast. The decision maker can decide between: “no
action” and “protective action”. Both decisions are associated with two possible
states of weather: “adverse weather” and “no adverse weather”. The four outcomes
(hit, false alarm, miss and correct rejection) of a binary warning system have different
consequences in decision making situations (see Table 2.3). If the decision maker
gives an alarm, protective action is taken causing a cost C but suffering eventually
the loss L. If the decision maker gives no alarm, the expense depends on the actual
weather state. There are no costs as long as no adverse weather occurs.

An individual user of a weather forecast can be defined by its cost-loss ratio α =
C/L. For an illustration of the cost-loss ratio, we consider the following example:
If a flood warning system is designed for city protection, there are at least two
individual users: (i) the local authority which placed the order for the design and
(ii) the citizens. The local authority would like to use the warning system to save
the life of the citizens and to reduce the monetary losses. To specify their cost-
loss ratio, a decision maker must define all potential consequences of protection or
flooding. The definition of all consequences is not straightforward, since monetary
criteria and non-monetary criteria, such as the number of potential persons at risk
or the socio-ecological impacts, must be summarized which are often expressed by
imprecise statements such as “high” or “low”. In this example we assume that the
monetary losses and the persons at risk due to flooding are a hundred times larger
than the expected costs of an alarm (e.g. 10 million euro compared to 100.000 euro
or 10.000 person at risk compared to 100 person). The cost-loss ratio of the local
authority is then 1:100 (α = 0.01).

The cost-loss ratio of the citizens is different to that of the local authority. Each
citizen can also determine his individual cost-loss ratio based on monetary values like
in the previous example. However, the flood prediction model is mainly designed to
raise warnings for the public. In this case, it is more important to specify the cost-
loss ratio of the citizens in terms of their willingness for protection. If a warning
system triggers too many false alarms, the citizens will be less inclined to take
protective action again. It is probably true that not more than four or five false
alarms are needed to reduce significantly their willingness for protection. In the
event of this, we can assume that the cost-loss ratio of a citizen has an odds of 1:5
(α = 0.2). Please note that the exact value of the cost-loss ratio (e.g. α = 0.2043)
is not the point of interest, since in real world situations the specification of all
monetary and non-monetary criteria is quite difficult and only approximations can
be made for a criterion which are associated with a high uncertainty. In this case, it
is more interesting to define the range of possible realizations of the cost-loss ratio
for a single user.

The cost-loss ratio describes also the asymmetric relationship between the con-
sequences of a false alarm and a miss, as discussed in the previous section. For a
warning system the value of α ranges between 0 and 1 with C < L. This means that
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a false alarm is less relevant than a miss. However, it is often argued that a false
alarm is as essential as a miss or even more important. However, this argument
is not true for a warning system. If a false alarm is more relevant than a miss,
the costs for protection are higher than the losses and no protection (and also no
warning system) is needed!
Due to the relevance of the cost-loss approaches, they have been used in a number

of studies to determine the expected value of weather prediction models (see e.g.
Kolb and Rapp, 1962; Katz et al., 1982; Brown et al., 1986). A detailed overview
about some early applications in weather forecasting is given in Winkler and Mur-
phy (1985). Several years ago, Richardson (2000) determined the forecast value of
the global EPS of ECMWF for the prediction of intensive precipitation by compar-
ing the ensemble predictions with deterministic forecasts of the same model. He
clearly demonstrated the superiority of probabilistic forecasts. Roulin and Vannit-
sem (2005) used the cost-loss approach to determine the value of the predictions of
a hydrological model which provides an ensemble forecast for daily discharge.
A good introduction into cost-loss approaches and the determination of the fore-

cast value is given by Murphy (1977) and Richardson (2003). In Section 4.3 of
Chapter 4 a skill score is proposed for the simplest form of a cost-loss approach.
Furthermore, an objective function is presented which maximizes the forecast value
for a given set of end users. It is also demonstrated in this chapter how a decision
maker should apply a probability forecast in cost-loss situations.
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3 Data and Study Areas

The presented study is performed in eight small river basins located in Germany
(Figure 3.1). The Fränkische Saale, the Upper Main, the Freiberger Mulde and
the Iller are the study areas of the research projects HORIX and PREVIEW. The
Nahe, the Prüm and the Upper Sieg are the test sites which has been provided
by the regional flood forecasting center of Environmental State Agency Rhineland-
Palatinate. The Ruhr is selected due to a strong research interest.
The study areas are sub-catchments of the Rhine, the Elbe and the Danube which

are three of the four main rivers in Germany. They are typical mountainous and
alpine tributaries with high relief energy and a short response time during floods.
In the last two decades, several large floods occurred in this part of Germany such
as the Neckar flood in 1993, the Elbe and Danube flood in 2002 and the Northern
Alp flood in 2005. River flooding in Northern Germany is less problematic since the
northern part is dominated by lowlands and rivers with a longer response time.

Table 3.1: Climatological and hydrological characteristics of the four study regions.
Climate zones after Peel et al. (2007), mt = maritime temperate, wsc =
warm summer continental. Additionally, the coordinates of the nearest
grid point of the reanalysis information is given for each study region.

Western Central Eastern Southern
Germany Germany Germany Germany

abbreviation WG MG EG SG
project HORIX,LUWG HORIX HORIX PREVIEW

catchment Prüm, Upper Sieg, F. Saale F. Mulde Iller
Ruhr, Nahe Upper Main

river basin Rhine Rhine Elbe Danube
landscape mountainous mountainous mountainous alpine

climate zone mt mt/wsc wsc wsc
latitude 50.0◦ N 50.0◦ N 50.0◦ N 47.5◦ N
longitude 7.5◦ S 10.0◦ S 12.5◦ S 7.5◦ S

The crosses in Figure 3.1 mark the grid points of the reanalysis data used in this
investigation. They illustrate the coarse resolution of the outcomes of a GCM used
for the reconstruction of the past climate data. The figure also shows that the catch-
ments have different grid points as neighbors which make a separate definition of the
model parameters of the statistical approach necessary. Thus, the eight catchments
are classified according to their location into four study regions (Table 3.1). The
moderate differences between the climatological and hydrological characteristics of
the catchments are a further reason for their subdivision. The study region located
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Figure 3.1: Location and catchment size AE of the study areas. The crosses mark
the grid points of the reanalysis data used in this investigation.

36



3.1. DESCRIPTION OF STUDY REGIONS

Table 3.2: Properties of four representative catchments.

catchment characteristic Nahe F. Saale Iller F. Mulde
region WG MG SG EG

gauging station Grolsheim Königshofen Kempten Erlln
catchment size AE [km2] 4060 2960 2150 2890

river length [km] 116 135 147 124
lowest point [m.a.s.l] 80 90 132 470
highest point [m.a.s.l] 816 950 2645 1214

altitude difference [m.a.s.l] 736 860 2513 744
mean discharge [m3/s] 30.6 19.7 47.2 22.8
mean ann. prec. [mm] 858 788 1541 843

10-year areal prec. [mm/d] 42 38 70 65
ref. period discharge 1958 - 2001 1958 - 2001 1958 - 2001 1958 - 2001
ref. period precip. 1958 - 2001 1979 - 2003 1958 - 2001 1963 - 2001

in Western Germany (WG) consists of four Rhine subcatchments (Nahe, Prüm, Up-
per Sieg and Ruhr). The region in the middle of Germany (MG) is composed of
the Upper Main and its neighboring river, the Fränkische Saale, both located in the
Rhine basin, too. The remaining two catchments, the Freiberger Mulde and the
Iller, form their own class (EG and SG). They are located in the Elbe and Danube
basin in Eastern and Southern Germany.

In the next section a brief description of the study regions is given. It is analyzed
when intensive precipitation and floods occur and examined what the causes of these
extremes are. Furthermore, a short description of the predictand, the daily areal
precipitation, and the predictor information used in this investigation is given.

3.1 Description of Study Regions

Catchment Characteristics

Four representative rivers (the Nahe, the Fränkische Saale, the Freiberger Mulde and
the Iller) are selected to illustrate the climatological and hydrological characteristics
of the four regions. An assortment of their catchment properties is listed in Table 3.2.
The Nahe is situated in southwestern Germany. It is one of the smaller tributaries of
the Rhine running north-eastwards among two low mountain ranges, the Hunsrück
and the Pfälzer Bergland. The catchment of the Fränkische Saale is also situated
in the Rhine basin around 200 km north-eastern to the Nahe. After the union of
their headstreams, the Fränkische Saale flows south-westwards along a low mountain
range, the Rhön, to meet the Main, one of the major tributaries of the Rhine.
The catchment of the Freiberger Mulde is located in the Elbe basin in the East of
Germany. The Freiberger Mulde springs in the Ore Mountains in Czech Republic
and crosses the basin in a northward direction to meet the Zwickauer Mulde. The
Zwickauer and the Freiberger Mulde represent the two headstreams of the Mulde
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which is a tributary of the Elbe. The Iller is one of the smaller alpine tributaries of
the Upper Danube located in the south. The source of the Iller is in the Bavarian
Alps next to the Austria border.

The Nahe, the Fränkische Saale and the Freiberger Mulde are typical catchments
of the low mountain ranges in Germany. Their altitude varies from 100 m.a.s.l at
the catchment outlet to more than 800 m.a.s.l at the highest point. The higher
altitudes of the catchments are covered by coniferous forest while the low lands are
intensively used by agriculture. Large settlement areas are usually situated along the
lower reaches as one would expect. The Iller catchment area is more heterogeneous
compared to the mountainous rivers. The upper reaches of the Iller are characteristic
for an alpine catchment with a strong change in vegetation zones. The mountain
ranges of the upper reaches often exceed the tree line and their peaks are mostly
covered by snow throughout the entire year. Between the tree line and the snow
is a small transition zone of grassland which is extensively used for agriculture.
The altitude of the upper reaches varies from 800 to 2645 m.a.s.l. Due to the
large altitude difference the upper reaches have a high relief energy leading to a
short response time (< 6 h) during a flood event. The lower reaches of the Iller
belong to the Alpine foothills. A change of plane and hilly areas with agricultural
land and coniferous forest are characteristic for this region. The altitude of the
Alpine foothills varies between 100 and 800 m.a.s.l though the response time of the
catchments located in this region is similar to the mountainous catchments.

The size of all catchments range between 650 and 4500 km2 (see also Figure 3.1)
and thus correspond to the group of meso-scale catchments (AE = 100 - 10000 km2).

Precipitation and Runoff Regime

The study areas in the western part of Germany are situated in the maritime tem-
perate climate zone which is characteristic for this region (Peel et al., 2007). The
temperature regime of this climate zone has a clear seasonality with mild winters
and warm summers. The precipitation regime of the catchments located in Western
Germany is characterized by a weak seasonality with a slight maximum in Decem-
ber (Figure 3.2). The peak is the result of a sequence of storms which occur more
frequently in autumn and at the beginning of winter due to the higher influence of
the Prevailing Westerlies. In the east and the south of Germany, the maritime influ-
ence is weaker leading to a higher variability of the temperature regime with colder
winters and warmer summers. The precipitation regime of the Freiberger Mulde and
the Iller is marked by a summer maximum showing the higher continental character
in these regions. The summer maximum is mainly caused by convective precipita-
tion which is the dominant rainfall type in summer, especially in the continental
part of Germany. The precipitation regimes of the Freiberger Mulde and the Iller
are both characterized by a second moderate maximum in November and December
indicating that the South and the East are also affected by autumn storms. Fur-
thermore, the annual areal precipitation of the Iller is twice as large as the annual
precipitation of the mountainous catchment (see Table 3.2) which is characteristic
for the alpine catchments in Germany. The high areal precipitation in the alpine
regions is mainly the result of orographic rainfall when warm and moist air masses
are forced in the mountains. The precipitation regime is also characterized by a
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EG  - F. Mulde

SG - Iller

WG - Nahe MG - F. Saale

Figure 3.2: Precipitation regime of the representative catchments which are lo-
cated in four different regions: WG = Western Germany, MG = Cen-
tral Germany, EG = Eastern Germany and SG = Southern Germany.
The precipitation regime is illustrated by the mean daily areal precip-
itation and the mean areal precipitation of a wet-day calculated for
each month from daily observations of the reference period. In this
investigation, all days with an areal precipitation of at least 2 mm are
defined as a wet-day.

slight minimum in winter. This minimum is caused by high pressure systems which
occur over Central Europe more frequently in winter and reducing the impact of the
Westerlies. However, the winter minimum is not only a climatological effect. It can
also be an artifact due to measurement errors. During winter, precipitation falls
mostly as snow in the higher reaches of the mountainous and alpine catchments in
Germany and ordinary pluviometers might underestimate the precipitation amount
in those areas. The study region in the middle of Germany is located in the tran-
sition zone of both climate zones. Consequently, the precipitation regime of the
catchments situated in this region is a mixture of the precipitation regimes of both
climate zones.

The runoff regimes of the mountainous catchments are quite similar despite the
differences in the precipitation regimes (Figure 3.3). They are characterized by a
moderate seasonality with a maximum at the end of the winter which is mainly a
by-product of snowmelt. The discharge regime of the alpine catchment has a clear
maximum in May which is characteristic for an alpine flow regime with no glacial
melt. The high discharges are caused by the gradual increase of the temperature at
the end of spring and in the early summer so that the snow in the higher reaches of
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EG - F. Mulde

MG - F. Saale

SG - Iller

WG - Nahe

Figure 3.3: Discharge regimes of the representative catchments which are located
in four study regions: WG = Western Germany, MG = Central Ger-
many, EG = Eastern Germany and SG = Southern Germany. The
discharge regime is illustrated by the mean daily discharge which has
been calculated from daily observations for each month of the refer-
ence period. The observations are from a gauging station located at
the catchment outlet. The reference period for the discharge regime is
listed in Table 3.2.

the catchment is melted.

Estimation of Daily Areal Precipitation

To ensure an appropriate downscaling, the time series of an ideal predictand should
be long and homogeneous (Obled et al., 2002). Both properties are essential for the
model development. However, the first property is in particular important for down-
scaling approaches designed for the prediction of extremes. Weather states leading
to extremes at the local scale are unusual and occur seldom. If a short investigation
period is selected, only a limited number of those situations are available for the
training and validation. A long time series is also crucial for the development of a
resampling algorithm. Resampling techniques selects a portion from all records to
provide a forecast. If the subset of weather states cannot adequately approximate
the predicted weather state, an accurate prediction of the local surface fluxes is less
likely.
The second property, a homogeneous time series, means that in the case of daily

areal precipitation the time series of the observed point precipitation as well as the
techniques used for the estimation of the daily areal precipitation must be consis-
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tent. Precipitation measurements are seldom homogeneous, since rain gauges are
renewed from time to time by switching e.g. the measurement type (tipping bucket
or weighing rain gauge) or by modifying the kind of registration (automatic, non-
automatic). This type of information is usually not available making it more difficult
to detect systematic shifts which are needed to remove inconsistencies in the time
series.

The selection of a consistent interpolation technique for the estimation of the daily
areal precipitation is actually straightforward. But the quality of the estimation is
strongly affected by the goodness of the measurement technique. For instance,
the measurement uncertainty of rain gauges is process-dependent. It is usually
higher for snow than for rainfall. Thus, the quality of the estimation of daily areal
precipitation is also process-dependent and can vary during the year. A further
variable influencing the quality of the estimation of daily areal precipitation is the
number of observations used for the estimation. Usually, the number of rain gauges
varies during the observation period. It is often the case that fewer observations are
available at the beginning of an investigation period.

In Germany, several institutions operate their own precipitation networks mea-
suring precipitation at daily, hourly or even at higher temporal resolutions. The
German Weather Service (DWD) has the densest network covering the entire coun-
try, providing daily observations for a number of stations for more than 60 years.
Precipitation in a higher temporal resolution than daily measurements is also avail-
able, but usually the network density is clearly coarser and the time series are seldom
longer than 15 years. This is one of the reasons why the daily time scale has been
selected for this study. It is also relevant for the model development to know the
exact observation interval of daily precipitation to avoid a temporal offset of the
forecast. At the DWD the daily precipitation is usually measured from 6 to 6 UTC
of the following day. However, the measurement interval of daily precipitation is
not unique and it depends on the rain network as well as on measurement year.
Before April 2001, daily precipitation had been observed from 6:30 to 6:30 UTC.
Afterwards, the observation interval was changed to 6 to 6 UTC to fit the standard
measurement interval of the World Meteorological Organization (WMO). But the
change was only performed for automatic station. For non-automatic stations, daily
precipitation is still measured from 6:30 to 6:30 UTC. Fortunately, the temporal
offset of half an hour is less problematic for the prediction of daily precipitation.

Several techniques can be used for the estimation of daily areal precipitation for
a river basin. The simplest technique selects for a given day the observed daily pre-
cipitation from the stations located in the catchment and calculates the mean value
from this sample. This kind of technique is only recommended if many stations are
available covering the entire catchment homogeneously. However, the precipitations
stations are mostly irregularly distributed over the catchment. Therefore, an inter-
polation technique is chosen which transfers the point information to a regular grid.
Afterwards, the mean precipitation at the grid points located in the catchment is
calculated.

In this investigation external drift kriging (Ahmed and De Marsily, 1987) has been
selected for the interpolation of daily areal precipitation. This technique belongs to
the group of geostatistical techniques developed by G. Matheron and D. G. Krige
around 50 years ago. Compared to simpler techniques like inverse distance weight-
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ing, kriging has the advantage that the spatial dependence of the target variable
is determined for the definition of the interpolation weights. The annex “external
drift” comes from a second variable used as additional information. In this inves-
tigation the altitude is chosen as the external information since the precipitation
amount in mountainous and alpine catchment usually rises with the elevation due
to orographic rainfall. The rain network of the German Weather Service is denser in
the mountainous regions than in the lowlands of Germany, so that more than 60 sta-
tions are available for the estimation throughout the entire observation period. The
precipitation stations are mostly located in the catchment, but also stations outside
the catchment are taken for the interpolation. Data gaps and erroneous data are
marked as missing values. A quadratic grid with a resolution of one kilometer is
selected and the precipitation is estimated for each grid point.

The interpolation by external drift kriging is only performed for the catchments
located in EG and MG. The daily information for the catchments in WG is ex-
tracted from a gridded data set covering the Rhine basin (Hundecha Hirpa, 2005).
This data set has been also interpolated by external drift kriging. The data set is
available from 1958 to 2001 with a spatial resolution of 5 x 5 km. The daily areal
precipitation for the catchment located in SG is calculated from REGNIE (Region-
alisierung von Niederschlagshöhen), a gridded data set provided by the German
Weather Service. REGNIE uses local factors like the height and the exposition as
additional information for the interpolation. The spatial resolution of this data set
is approximately 1 x 1 km. The precipitation data is available for entire Germany
from 1951 to the current year. In this study the gridded data has been provided for
a period from 1958 to 2001. REGNIE and the data set provided by Hundecha Hirpa
(2005) are also based on daily measurements of the precipitation network operated
by the DWD.

Interannual Distribution of Precipitation Extremes and Floods

The interannual distribution of daily precipitation extremes is determined for the
80 largest daily peak values. The peak values are selected from a daily time series of
areal precipitation which ranges from 1958 to 2001. To secure that the extremes are
time-independent, only those daily peak values separated more than two weeks from
another are selected. In Figure 3.4 the interannual distribution of the daily extremes
is shown for the four catchments. Intensive precipitation can occur throughout the
entire year, but there are certain seasons with a slightly higher risk. In Western
Germany, intensive precipitation is more frequent in autumn and at the beginning
of winter, when the influence of the Westerlies is strongest. In the east and south
of Germany, intensive precipitation is more dominant in summer. Around 40 %
of the extremes occur in the Freiberger Mulde from June to August. The summer
extremes are either the result of local convective processes like thunderstorms due
to an instable atmosphere or they are caused by low pressure systems coming from
the North Atlantic or the Mediterranean Sea. Especially, low pressure systems
coming from the Mediterranean Sea usually transport warm and moist air masses
to Central Europe. They often caused severe floods in the past in southern and
eastern Germany like the Elbe and Danube flood in August 2002 (for an event
description see Philipp and Jacobeit, 2003) or the Northern Alp flood 2005.
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EG - F. Mulde                    

MG - F. Saale

SG - Iller

WG - Nahe

Figure 3.4: Seasonal regime of heavy preciptation and floods in the four study
regions. Spring = March to May, summer = June to August, autumn
= September to November and winter = December to February.

To define the flood regimes of the four catchments, the daily mean discharge of a
gauging station at the catchment outlet is taken for the selection of the peak values.
One exception is made for the Iller, since the runoff regime in the lower reaches of the
Iller is strongly affected by hydropower production. For this catchment the extremes
are selected from a time series of a station located in the upper reaches. Note
that the investigation period for the flood analysis only partially overlaps with the
investigation period of heavy precipitation and varies from catchment to catchment
(see Table 3.2). The flood regime of the Freiberger Mulde and the Fränkische Saale
indicates that spring floods are dominant in the mountainous regions of Germany.
At the end of winter the runoff regime is higher in the mountainous catchment due
to the snow melt. Intensive precipitation can activate the snow melt processes in
the upper reaches, so that a combination of both factors can amplify the impact of
a flood. Summer floods are not so frequent in the mountainous regions. In summer
the soils are dry so that the effect of heavy precipitation is lessened. The flood
risk of the Nahe and Fränkische Saale even tends to zero during June and August.
This result is interesting since it could be said that a flood warning system is not
important for the mountainous catchment in summer. However, we should be very
careful with this conclusion since the flood regimes presented in this investigation
are based on many extremes which cause little or no damages. The flood regimes
of extremes with a higher damage potential (e.g. flood events with a return period
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of 10 years or even longer) is not know. This regime can be different compared to
the regimes presented here. For example, the flood regime of the Freiberger Mulde
shows that the flood risk is highest in winter and in spring. However, the biggest
floods of the last two decades (the Odra flood in July 1997 and the Elbe and Danube
flood in August 2002) occurred in summer among many other big floods (see e.g.
the description of the Vltava flood in the beginning of the Chapter 1). To determine
the regime of those extremes, a clearly longer investigation period than 50 years is
needed so that many extremes can be used for determining a suitable flood regime.
The flood regime of the alpine catchments has a peak in summer which is char-

acteristic for the Upper Danube tributaries of the Northern Alps. More than 50 %
of the extremes occur in the Iller catchment in summer. They are caused through
intensive precipitation which is slightly amplified by the high base flow due to snow
melt during this season. Throughout the other seasons, the risk of flooding is con-
siderably lower since precipitation falls as snow in the higher reaches of the Alps
and it is not available for runoff generation.

3.2 Description of Predictor Information

The selection of one or more reliable predictors is probably the most important
step in downscaling. After Obled et al. (2002) and Wetterhall et al. (2005) an ideal
predictor should fulfill the following properties:

• A predictor should be physical and conceptually reasonable and should be
strongly correlated with the predictand.

• A time series of a predictor should be long, homogeneous and available for the
development and the operational period.

• The predictor should be measured and simulated reliably.

• A long predictor time series is crucial for the development of analogue forecast-
ing algorithm to incorporate a sufficient number of analogues for the model
evaluation.

The selection of an appropriate predictor is probably the most important step in
statistical downscaling. The choice of a predictor depends on factors like the pre-
dictand, the season and the purpose of downscaling. A list of predictors used for
precipitation downscaling is given in Wilby and Wigley (2000). Wetterhall (2005)
also provides a comprehensive list specifying downscaling techniques and predictors
for precipitation and temperature. In many studies pressure related variables like
the mean sea level pressure or the geopotential height are preferred. They can be
also taken to calculate air flow indices like gradients or vorticity (e.g. Jones et al.,
1993; Wilby and Wigley, 2000). Besides pressure related variables, humidity related
variables like the specific humidity or the relative humidity have been also selected.
For instance, Bontron and Obled (2003) used height gradients and relative humidity
for analogue forecasting. Matulla et al. (2007) selected the specific humidity and
the mean sea level pressure. Bontron and Obled (2003) mentioned that humidity re-
lated predictors are not as reliably forecast by a GCM compared to pressure related
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variables in particular for longer lead times. They propose that multivariate pre-
dictors based on pressure and humidity related variables should be only selected for
short-term forecasts rather than for longer lead times. Probably, the main problem
of GCMs for an adequate description of humidity related variables is their coarse
resolution. In particular, humidity related variables need a higher resolution due to
their higher spatial variability than pressure related variables.
In this study the following predictors are mainly chosen:

• Mean sea level pressure / geopotential height: Both variables give suit-
able information of the actual state of the atmosphere. A pressure map shows
the location of low and high pressure systems. Adverse weather is more likely
when the pressure is low. High values are often linked to a high pressure sys-
tem indicating good weather. The mean sea level pressure is an appropriate
indicator for the separation of wet and dry days. The geopotential height has
similar characteristics like the mean sea level pressure.

• Moisture flux: It describes the amount of moisture transported to the area
of interest. In comparison to the geopotential height the moisture flux can
give additional information of the precipitation amount of an event. Intensive
precipitation is more likely when high moisture fluxes occur. The moisture flux
can be also divided in its vector components. Due to the Westerlies humid
westerly fluxes predominate in Central Europe. Zonal moisture fluxes should
contain more information than meridional moisture fluxes.

• Relative humidity: It describes the actual saturation degree of the atmo-
sphere. High moisture fluxes must not lead to intensive precipitation at all
times, in particular, if the relative humidity is low over the area of interest.
The relative humidity is a further indicator for wet or dry days especially in
summer when the atmosphere can store more water due to the high tempera-
tures.

The mean sea level pressure (MSLP) used in this investigation is from the Re-
search Data Archive (RDA) which is maintained by the Computational and Infor-
mation Systems Laboratory (CISL) at the National Center for Atmospheric Research
(NCAR). The original data are available from the RDA (http://dss.ucar.edu). It is
a gridded daily data set (5.0 x 5.0◦) which is available for the Northern Hemisphere
from 1899 to the current date. The grid information is based on surface observa-
tions which were not interpolated directly from a single data source of daily point
observations. It has been assembled from the grids of various meteorological chart
digitization projects and operational analysis. For more detailed information see the
information on the website of RDA.
The other predictors are derived from the reanalysis data set of the NCEP-NCAR

archive (Kalnay et al., 1996). It provides a number of variables describing the state
of the atmosphere from the earth surface to the tropospause for the entire globe.
The reanalysis data is available as six hourly data at 0, 6, 12 and 18 UTC and
as daily and monthly averages from 1948 to present. The spatial resolution of the
data set is 2.5 x 2.5◦. Atmospheric variables are provided for the surface and for 17
pressure levels. In this study the following six-hourly predictors are selected: the
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geopotential height (GPH), the u-wind component (UWND), the relative (RHUM)
and the specific humidity (SHUM). The information is taken from four pressure levels
(1000, 850, 700 and 500 hPa). To derive the zonal moisture flux (UFLX), the specific
humidity is multiplied by the u-wind component. Furthermore, the geopotential
height is taken to calculate the zonal flow velocity (UGPH), the meridional flow
velocity (VGPH) and the resulting geostrophic flow strengths (TGPH).

Besides NCEP-NCAR, ECMWF also provides a reanalysis data set called ERA
40 (Uppala et al., 2005) with a range from 1957 to 2002. A comparison of both
archives has been recently performed by Ben Daoud et al. (2009). They selected the
relative humidity field at the 850 hPa level and showed that ERA 40 contained a
number of erroneous data over Europe.

The use of reanalysis data offers a number of advantages for the development
of downscaling applications in weather forecasting (see for a short discussion also
Section 2.1.5). However, the large-scale atmospheric flow simulations of GCMs
can be characterized by systematic errors, so that the outcomes of a GCM can be
marked by a spatial offset. This can lead to the problem that a predictor taken
from the grid point next to the target area is not categorically the best choice. The
location of the optimum grid point for the downscaling is usually not known. The
same effect can also apply for the pressure level (and the observation time as well).
Predictors taken from a pressure level of the free atmosphere should be preferred,
since weather processes like convection mainly take place in the free atmosphere.
However, many downscaling studies operate with measured and modeled predictor
information describing the state of the atmosphere of the planetary boundary level
or even at the earth surface, indicating that those predictors are probably more
reliably measured and simulated than predictors taken from a higher pressure level.

Inconsistency and Erroneous Data

The reanalysis data of NCEP used in this study is only partially homogeneous. For
instance, NCEP provides a document on their webpage listing some problems and
inconsistencies of the reanalysis data (see NCEP, 2009a). It is mentioned that the
reanalysis data from 1948 to 1957 is forecast data, because the observations for the
GCM were only available at 3, 9, 15 and 21 UTC instead of 0, 6, 12 and 18 UTC.

Beside this inhomogeneity there are further irregularities in the data which are
not listed in the NCEP documentation. Although the reanalysis data is output
from a simulation model, there are also time periods with missing values indicated
by the black bars in Figure 3.5. The specific humidity and the u-wind component
are both characterized by more than two years of data gaps which is around 4 %
of the data, whereas the data gap of the geopotential height is short and only at
the beginning of the reanalysis period. Unfortunately, the data gaps always occur
at the same time for a single predictor, so that a replacement of gaps based on
statistical techniques selecting the values from the same variable but from another
observation time or pressure level is not possible. Furthermore, the application of
multivariate predictor sets shortens the investigation period available for the model
development since the data gaps of the different variables do not occur at the same
time. On the other hand, the increase is not larger than 10 % and missing values
do not appear in every time series. For instance, the relative humidity has no data
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Figure 3.5: Black bars indicate periods with missing values for the geopotential
height (GPH), the u-wind component (UWND) and the specific hu-
midity (SHUM).

gaps, but compared to the other predictors this variable contains simulation data
which seem to be physically not realistic. On 5 % of the days, the relative humidity
at the grid points located next to the study regions is less than 10 %.
The examples of this section briefly demonstrate that reanalysis data is only partly

homogeneous. There seems to be still many difficulties with the reanalysis informa-
tion even with physically unreasonable data. A cross-check with other globally
gridded data sets, like ERA-40, may help the detection of erroneous information
(see Ben Daoud et al., 2009) to provide a more homogeneous and reliable predictor
archive for downscaling applications.

Standardization and Anomalies

The range of the predictor values is usually quite different which makes the definition
of predictor weights more difficult if different predictors are used for the downscaling.
For instance, the values of the 1000 hPa height field at 18 UTC ranges from -601
m to 449 m, whereas the value of the 500 hPa height field at the same observation
time varies between 4642 m and 6026 m. To overcome this problem, a predictor
is usually standardized. In this study two different standardization techniques are
used.
The first technique is based on a linear transformation to transfer the predictor

value x(t) at a given grid point at time t to a standard interval where the standard-
ized values range between zero and 1:

xn(t) =
x(t)− xmin

xmax − xmin

(3.1)

where xn(t) is the value of the standardized predictor, xmin is the minimum value
and xmin is the maximum value of the predictor within the given data set.
Beside this linear transformation the anomalies of the predictors are also calcu-

lated based on the following transformation:

xa(t) =
x(t)− x

s
(3.2)

The arithmetic mean of the predictor x is subtracted from the predictor value divided
by the standard deviation s of the predictor. The calculation of the anomalies has the
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advantage that the annual cycle of the predictand can be removed if a corresponding
mean and standard deviation is selected. In this investigation the mean and the
standard deviation are calculated by using a triangular kernel (weighting function)
with a kernel length of 30 days for each grid point and for each day of a year.
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4 Analog Method

It is well known that weather situations (patterns) of certain areas like Central
Europe resemble each other from time to time (Radinović, 1975). This property of
the atmosphere is exploited by the analog method. The basic idea of the approach
is to search in an archive of past weather situations and to select those situations
which are the most similar to the forecast (current) one. The selected situations are
called as analogs and their local conditions are taken as a forecast for the surface
variable of interest.

The analog method is not a new approach in weather forecasting. The method-
ology was probably firstly mentioned by Namias (1951) in medium-term weather
forecasting. Several years later, Lorenz (1969) used the approach to study the pre-
dictability of the atmosphere. While more recently, Obled et al. (2002) has presented
a detailed description of an analog forecasting algorithm developed for the prediction
of daily areal precipitation. The methodology was enhanced by Bontron and Obled
(2003) based on reanalysis data for the model development. The analog method
was also selected to forecast other atmospheric variables. For example, Woodcock
(1980), Kruizinga and Murphy (1983) and Radinović (1975) used the analog method
for temperature forecasting and Sievers et al. (2000) and Fraedrich et al. (2003) se-
lected the approach to forecast tropical cyclone tracks. The analog method was
also applied in climate modeling for downscaling daily precipitation (see Zorita and
von Storch, 1999; Wetterhall et al., 2005; Matulla et al., 2007). In this branch of
atmospheric science the method is often called the benchmark approach since the
methodology is easy to perform and the results are quite encouraging (Zorita and
von Storch, 1999).

4.1 Principle of the Analog Method

The forecast performance of the analog method depends on several criteria which
must be specified by the user. The first step is the definition of a search algorithm
for the selection of analogs. To forecast daily areal precipitation for a specific river
basin, the search algorithm can be as follows:

1. The target weather situation is compared with past situations to identify an
analog situation.

2. The daily areal precipitation which occurred on the day of the analog is chosen
for the specific river basin.

3. Step 1 and 2 are repeated to identify the most similar analogs and the corre-
sponding precipitation sample to describe the forecast uncertainty.
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The approach can be easily extended to forecast point precipitation and to other
surface variables by replacing in the second step the daily areal precipitation with
the surface variable of interest. It is also possible to create a more complex search
algorithm if all steps of the algorithm are repeated. Bontron and Obled (2003)
proposed such a two step search algorithm for the selection of analogs. They selected
at first a large subsample of analog situations identified from all records. Afterwards,
the search of analogs was repeated by selecting a smaller sample from the situations
of the subsample.

Probably, the most important factor of the forecast approach is the choice of an
appropriate predictor to describe the weather state over the basin of interest. A full
description of the weather state is not possible, otherwise a three dimensional profile
of all meteorological variables must be selected. Therefore, one or a set of two or
three predictors are selected which must fulfill certain constraints (see Section 3.2).
Screening procedures illustrate that mostly pressure related variables like the mean
sea level pressure or the geopotential height taken from a certain pressure level have
the highest potential. Their daily fields are usually selected as the first predictor (e.g.
Zorita and von Storch, 1999; Obled et al., 2002). The introduction of a second and a
third predictor can improve the performance of the approach. For example, Bontron
and Obled (2003) used a combination of the geopotential height and humidity fluxes.
Matulla et al. (2007) selected the daily mean sea level pressure and the daily specific
humidity of the 700 hPa level. Instead of daily values, predictors with a higher
temporal resolution (twice a day or six hourly) can be also selected (see Bontron
and Obled, 2003) to avoid a temporal offset of the forecast.

After the selection of an appropriate predictor, a measure must be defined by
the user for the comparison between two atmospheric states. The S1-Score is often
selected (see Woodcock, 1980; Obled et al., 2002; Wetterhall et al., 2005) which com-
pares the north-south and the west-east gradients of two atmospheric patterns. The
S1-Score has been originally proposed in forecast verification by Teweles and Wobus
(1954) to evaluate the height fields of the forecast with the observed height field.
Beside the S1-Score, the Euclidean distance or a distance function related to the
Pearson correlation has been also selected as measures (Bliefernicht and Bárdossy,
2007). A comparison of several functions was only performed in a few studies (see
e.g. Toth, 1991). Recently, Matulla et al. (2007) have selected five measures for
downscaling daily precipitation in California and the European Alps. They con-
cluded that it is difficult to define a best measure and that a suitable measure
depends on the purpose of downscaling. However, the Euclidean distance performs
in most cases well and can be a reasonable first choice.

A crucial factor of the methodology is the definition of an objective function
which measures the differences between forecasts and observations. The objective
function is taken to maximize the forecast performance and to determine suitable
model parameters. Like the other steps, the objective function also depends on
the model purpose and should be carefully selected. In the case of a probability
forecast, the performance measures defined in Section 2.2.3 are often taken as an
objective function. For example, the ranked probability score was selected by Obled
et al. (2002) and Wetterhall et al. (2005) and the continous version of the ranked
probability score by Bontron (2004).

50



4.1. PRINCIPLE OF THE ANALOG METHOD

The last step of the methodology is the specification of the predictor settings and
the estimation of the model parameters. There are many ways to find appropriate
settings for the analog method and no general strategy is proposed in the literature.
In the beginning of the model calibration a screening procedure can be taken which
scans through an archive of possible predictors to find an optimal candidate. After
the screening, the form or the size of the predictor domain can be varied to find a
reasonable domain. For example, Obled et al. (2002) selected a rectangular domain
covering Central Europe for their target region in France. Wetterhall et al. (2005)
pointed out that the predictor settings also depends on the season because the link
between the large-scale atmospheric circulation and the local-scale process changes
during the year. To account for the intra-annual variability, they selected a smaller
predictor domain for the summer than for the winter. Finally, in many applications
the search of analogs is also restricted by a selection rule. For instance, Matulla
et al. (2007) selected a moving window of 90 days for each year of the investigation
period which was centered around the target day.
In this chapter the ideas of the aforementioned investigations are taken to develop

an analog forecasting algorithm for the four study regions (see Chapter 3). The
different ways of model calibration are illustrated and the influence of the user-
defined criteria is determined and evaluated. Furthermore, the following new ideas
and research topics are proposed and addressed in this section:

1. Distance measure: In a study of Bliefernicht and Bárdossy (2007) a mixed
distance function is proposed which is a weighted mixture of the Euclidean
distance and a distance function related to the Pearson correlation. The Eu-
clidean distance measures the closeness between two patterns, but two atmo-
spheric patterns can also be similar according to their shape. This property
is measured by the second distance function. In this chapter a more general
form of the mixed distance function is proposed which is based on the family
of the Lp-distances.

2. Parameter estimation and model validation: There are only a few stud-
ies which used the analog method for downscaling daily precipitation in Ger-
many (see e.g. Brandsma and Buishand, 1998; Buishand and Brandsma, 2001).
In this investigation, the model parameters of the approach are specified for
four different study regions in Germany and for two time periods (winter and
summer term). To test the spatial transferability of the methodology, the
model parameters are only specified for one catchment in each study region.
Afterwards, the calibrated model is transferred to the neighboring catchment.

3. Objective function: The analog method developed in this section is designed
for the prediction of intensive areal precipitation in mesoscale catchments.
Since the precipitation forecast represents an element of a flood warning sys-
tem, the performance of the analog forecast is determined for flood-producing
situations based on a cost-loss approach (see Section 2.2.5). This approach
is taken to formulate an objective function which enables the minimization of
the negative outcomes (“false alarm” and “miss”) of a binary warning system
so that the value of the probability forecast in decision making situations is
maximized.
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The precipitation realizations provided by the search algorithm can be either taken
as an ensemble forecast or as a probability forecast to describe the forecast un-
certainty. It is reported in many studies that a probability forecast has a higher
forecast value or at least the same value compared to other forecasting techniques
(see Section 2.1.4) if the decision maker selects the optimal decision threshold for an
individual user. However, the selection of an optimal threshold is not straightforward
in decision making situations. In this section the basic framework of the cost-loss
approaches is illustrated and it is demonstrated how a decision maker should apply
a probability forecast in cost-loss situation to maximize the benefit for an individual
user. Furthermore, it is shown that an accurate forecast must not necessarily corre-
spond to a valuable forecast for an individual user and it is highlighted that even a
low-skill reference forecast can outperform model predictions for certain end users.
The analog forecasting algorithm presented in this section is designed to predict

the prospective evolution of the daily areal precipitation for the short (1-3 days) and
the medium term (4 to 7 days). Since the forecast performance of the analog method
strongly depends on the predictor set, the model parameters of the downscaling
approach are defined for two different multivariate predictor sets. The first predictor
set (A) contains three atmospheric variables: the geopotential height (GPH), the
zonal moisture fluxes (UFLX) and the relative humidity (RHUM). In the operational
mode this predictor set is taken to forecast the daily areal precipitation for lead
times of two or three days. Beyond this lead time, humidity related variables are
less reliably predicted by a global NWP model. Thus, a second predictor set (B)
is chosen which consists of two geopotential height fields differing in observation
time and pressure level. The maximal number of predictors in both predictor sets
is not larger than three. The increase of the forecast performance is only minor
and probably not statistically significant if more than three predictors are selected
(Bontron and Obled, 2003).
In the next sections the distance functions used in this chapter are introduced and

the objective function is described. The cumulative distribution functions chosen for
the estimation of the daily precipitation are described in Section 4.4. In Section 4.5
the strategy of the model development is proposed. The results of the downscaling
are presented and discussed in Section 4.6 and in Section 4.7. The chapter is closed
by a short summary and a conclusion.

4.2 Pattern Closeness and Pattern Similarity

The closeness between two atmospheric patterns is measured by a distance function.
A function is called a distance if it fulfills the following conditions:

1. The distance is positive between two different points (positiveness).

2. The distance is zero for identical points (reflexivity).

3. The distance between two points is the same in either direction (symmetry).

4. The distance between two points is the shortest distance along any path (tri-
angular inequality).
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Figure 4.1: Two kinds of “similarity” between two atmospheric patterns illustrated
for the one-dimensional case: pattern closeness (left figure) and pattern
similarity (right figure).

In analog forecasting the distance between the values at the grid points of two at-
mospheric patterns is calculated. The closer the patterns are, the smaller is the
value of the distance function. An example of a distance function is the Euclidean
distance d1. This distance is defined for the comparison of two atmospheric patterns
x at time step t1 and t2 as follows:

d1[x(t1),x(t2)] =

(

K
∑

k=1

[xk(t1)− xk(t2)]
2

)

1

2

(4.1)

where xk is the value of the atmospheric pattern at the grid point k and K is the
number of grid points selected for the comparison.
The Euclidean distance is limited since it only measures the closeness between

two spatial fields. But atmospheric patterns can also be similar according to their
shape (see Figure 4.1). This property is measured by the Pearson correlation r:

r[x(t1),x(t2)] =
1
K

∑K

k=1 [xk(t1)− x̄(t1)] [xk(t2)− x̄(t2)]

s(t1)s(t2)
(4.2)

where x̄(t1) and x̄(t2) are the arithmetic means and s(t1) and s(t2) are the corre-
sponding standard deviations of both atmospheric patterns. The Pearson correla-
tion varies between -1 and 1. If both atmospheric patterns are similar, the Pearson
correlation tends to 1.
To construct a distance which measures pattern closeness and pattern similarity,

the Euclidean distance and the Pearson correlation must be combined. However,
the combination of both functions is not straightforward and a distance related to
the Pearson correlation must be first introduced: In the first step of this procedure,
each value of an atmospheric pattern for a given day is standardized by the corre-
sponding mean and standard deviation of the atmospheric pattern:

x
′

k(t) =

(

xk(t)− x̄(t)

s(t)

)

(4.3)
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The Euclidean distance d2 between two atmospheric patterns in the normed space is:

d2[x
′

(t1),x
′

(t2)] =

(

K
∑

k=1

[

x
′

k(t1)− x
′

k(t2)
]2
)

1

2

(4.4)

which can be decomposed to:

=

(

K
∑

k=1

[

x
′

k(t1)
2 − 2x

′

k(t1)x
′

k(t2) + x
′

k(t2)
2
]

)

1

2

= (4.5)

=

(

2K − 2
K
∑

k=1

[

x
′

k(t1)x
′

k(t2)
]

)

1

2

(4.6)

Since the arithmetic mean of the standardized predictors tends to 0 and the cor-
responding standard deviation tends to 1, the Pearson correlation of the normed
predictors can be simplified to:

r[x
′

(t1),x
′

(t2)] =
1

K

K
∑

k=1

x
′

k(t1)x
′

k(t2) (4.7)

This formulation can be taken to replace the right term in Equation 4.6. Finally,
the following relationship exists between the Euclidean distance in the normed space
and the Pearson correlation:

d2[x
′

(t1),x
′

(t2)] = 2K
(

1− r[x
′

(t1)x
′

(t2)]
)

1

2

(4.8)

The two Euclidean distances d1 and d2 can be combined to a mixed distance d:

d = d1[x(t1),x(t2)] + βd2[x
′

(t1),x
′

(t2)] (4.9)

where β > 0 balances between pattern closeness and pattern similarity.
The Euclidean distance belongs to the family of the Lp-distances:

Lp[x(t1),x(t2)] =

(

K
∑

k=1

|xk(t1)− xk(t2)|
p

)

1

p

(4.10)

with a parameter p ranging between 1 and infinity. For p = 2 the Lp-distance is
equal to the Euclidean distance. Another specific case of the Lp-distance is the
Manhattan distance with p = 1.
The parameter p can be used to change the weight of the grid points used for the

distance calculation. The larger the value of p is, the higher is the importance of
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grid points with large differences. If p tends to the infinite, the distance calculation
only depends on the grid point with the maximum difference.
Replacing the Euclidean distance d1 and d2 in Equation 4.9 by the Lp-distance, a

weighted mixture of two Lp-distances can be formulated for the mixed distance:

d∗ =

(

K
∑

k=1

|xk(t1)− xk(t2)|
p1

)

1

p1

+ β

(

K
∑

k=1

∣

∣

∣
x

′

k(t1)− x
′

k(t2)
∣

∣

∣

p2

)

1

p2

(4.11)

This distance has three parameters: p1 and p2 of the corresponding Lp-distance and
the weight β balancing between both terms.
The mixed distance function proposed in Equation 4.11 compares the pattern of

a single predictor. The distance between two patterns of a multivariate predictor
set can be obtained by calculating the sum of the individual mixed distances d∗j :

D =
J
∑

j=1

ajd
∗

j (4.12)

where the parameters aj defines the predictor’s weight j and J represents the number
of predictors. The range of the individual mixed distances is usually very different,
especially for non-standardized predictors. The estimation of the predictor weight is
easier if a single distance is standardized by the maximum distance. The maximum
distance can be estimated e.g. by calculating the distances between all pairs of
weather situations from a subsample of situations which is selected randomly from
all records.
The S1-Score mentioned in the beginning of this chapter also belongs to the family

of Lp-distances. Instead of comparing the absolute values of two atmospheric pat-
terns, the gradients fields are compared. The S1-Score consists of two terms. The
first term, the nominator, calculates the sum of the absolute differences between the
gradients over all adjacent pairs of two atmospheric patterns. This term is identical
to the Manhattan distance of two predictors that are equally weighted. The second
term, the denominator, calculates the sum of the maximum values of the absolute
gradients for all adjacent pairs. This term is used for a normalization to determine
a kind of relative differences between the gradient fields. It is introduced to account
for intra-annual variability of a predictor, because in summer the variability of the
geopotential height is usually higher than in winter. For a more detailed explanation
of the S1-Score the reader is referred to Wilks (2006).
Beside the family of the Lp-distances, there are also some other measures like

the Mahalanobis distance which fulfill the conditions of a distance function and
which takes the intercorrelation between the variables into account. This distance
was already selected by Matulla et al. (2007) but the results were generally poorer
compared to the Euclidean distance.

4.3 Maximizing the Forecast Value

A decision maker must decide between ’no action’ and ’protective action’ when
an extreme event is forecast. Depending on the outcomes of the decision making
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process, the user can profit from the weather forecast or he must sustain a loss.
Cost-loss approaches have been introduced in weather forecasting to analyze the
value of decision-making processes. An introduction into these approaches and some
arguments for their use (in form of question) is presented in Section 2.2.5. In this
section the basic idea of those approaches is briefly described and a skill score is
proposed which determines the forecast value of a probability forecast. In the second
part of this section this skill score is taken for the development of an objective
function which maximizes the forecast performance of a binary probability forecast
for a set of users.

In this study the simplest form of a cost-loss approach is taken which describes
the cost-loss situation of a two action, two state decision making problem (Murphy,
1977). The decision maker has two alternatives: “no action” and “protective ac-
tion”. Both actions are associated to two possible states of the weather: “adverse
weather” and “no adverse weather”. The consequences of this particular decision
making problem are four different outcomes (C,C,L,0) with three different realiza-
tions (see Table 2.3). If a decision maker gives a warning, protective action is taken
preventing the damage but causing a cost C. If the decision maker gives no alarm,
there are no costs as long as no adverse weather occurs. Otherwise, he must incur
a loss.

To determine the average expense of the forecast for a particular user αm and
for a given investigation period, the decision maker must define a priori an event
threshold which corresponds to a return (occurrence) frequency sl and a probability
threshold pt used for decision making. Based on both thresholds, the outcomes of
a binary forecast (see Table 2.2) are counted and related to the cost and the loss.
Finally, the average expense of a forecast system Ef represents the average cost of
all warnings and the average loss of all misses which occurred throughout the entire
investigation period:

Ef (αm, sl, pt) =
a (sl, pt) + b (sl, pt)

n
C +

c (sl, pt)

n
L (4.13)

where a is the number of hits, b is the number of false alarms, c is the number
of misses and n is the number of observation and forecast pairs. The value of the
cost-loss ratio αm = C/L depends on the individual user.

A skill score for the average expense can be derived by introducing the climate
expense as reference forecast. The climate expense is the minimum average expense
of two low-skill warning strategies: the user protects always (“warning”) or he pro-
tects never (“no warning”). The average cost of the first strategy is the cost itself,
since the cost must be spent for protection on every day of the investigation period:

Ea = C (4.14)

If the decision maker selects the strategy “no warning”, the average expense is the
occurrence frequency of the event times the loss:

En (sl) = slL (4.15)
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since the decision maker must incur the loss on those days when the event occurs.
The optimum strategy between both low-skill warning strategies is the minimum of
both expenses and is called average climate expense Ec:

Ec (sl) = min [Ea, En (sl)] (4.16)

A skill score can be specified with the help of the standard formulation of a skill
score (Equation 2.2) and by determining the average expense of a perfect forecast E1:

E1 (sl) = slC (4.17)

The average expense of a perfect forecast is the cost for protection needed when
adverse weather occurs. The skill score is called relative value or economic value V
(Richardson, 2003):

V (αm, sl, pt) =
Ef (αm, sl, pt)− Ec (sl)

E1 (sl)− Ec (sl)
(4.18)

The score of the relative value ranges between minus infinity and one. If the relative
value is greater than zero, the forecast of the warning system has a higher perfor-
mance than the low-skill reference forecast. The forecast is perfect if the relative
value is one.
The relative value proposed in the previous equation is a relative measure based

on two low-skill warning strategies. A third straightforward protection strategy is
the persistence forecast. In the event of this, the decision maker takes protective
action if an adverse weather has been occurred the day before. This kind of pro-
tection strategy is an appropriate reference forecast for days with the same weather
pattern. The mean expense of the persistence forecast Ep is:

Ep (αm, sl) =
ap (sl) + bp (sl)

n
C +

cp (sl)

n
L (4.19)

where ap is the number of hits, bp is the number of false alarms and cp is the number
of miss of a persistence forecast. If the expense of a persistence forecast and the
climate expense are minimized, the average expense of the reference forecasts E0 is
the minimum expense of all three low-skill warning strategies:

E0 (αm, sl) = min [Ep (αm, sl) , Ea, En (sl)] (4.20)

To create a skill score on the climate expense and the persistence expense, Ec must
be replaced in Equation 4.18 by E0:

V ∗ (αm, sl, pt) =
Ef (αm, sl)− E0 (αm, sl)

E1 (sl)− E0 (αm, sl)
(4.21)

The relative value V is a function of the cost-loss ratio, the probability threshold
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and the occurrence frequency of an event. This dependency is used to create an
objective function which maximizes the forecast value of a probability forecast for
a set of users and for extremes. This function is derived in the following way:
If a decision maker selects the optimal threshold from a set of decision thresholds

p = [p1, p2, ..., pT ] for an individual user, he can maximize the forecast value for this
user:

G (αm, sl) = max [V (α, s1, p1) , V (α, s2, p2) , ..., V (αM , sL, pN)] (4.22)

where T is the number of decision thresholds and G represents the maximum forecast
value for an individual user. The mean maximum value for a set of users α =
[α1, α2, ..., αM ] and for a set of events s = [s1, s2, ..., sL] approximates the overall
forecast value over the entire range of the predictand. This value is taken as the
objective function and can be calculated in the following form:

obj =
1

L

1

M

L
∑

l=1

M
∑

m=1

G (αm, sl) (4.23)

where M is the number of users and L is the number of events. To specify an
objective function which calculates the forecast value over the entire range of the
predictand with a focus on intensive precipitation, the following occurrence fre-
quencies are selected s = [0.70, 0.80, 0.90, 0.95, 0.975, 0.99, 0.995]. Additionally, a
logarithmic distribution for the users is selected ranging between α = [0.0001, ..., 1]
to focus on users with low cost-loss ratios (small costs and high losses).
The objective function proposed in this section calculates the forecast value of

the probability forecast for a specific set of users and over the entire range of the
predictand. The aim of the model development is the maximization of the objective
function so that finally the model performance in terms of the forecast value is
maximized. Note that the increase of the objective function leads to an increase of
the mean benefit for all users, but it can also decrease the forecast value of a single
user (see Richardson, 2003). Furthermore, the objective function does not take into
account the direction of a temporal offset of a warning. A warning issued one day
too early is more valuable than a warning which is one day too late, evidently. In
the first case, it is very likely that there is still protection due to the false alarm
whereas in the latter case the warning comes definitely too late.
This section gives the theoretical framework of the objective function. In Sec-

tion 4.7 the basic idea of the optimal use of a probability forecast in cost-loss sit-
uations is illustrated which will deliver more insight into the formulation of the
objective function.

4.4 Probabilistic Precipitation Forecast

Three cumulative distribution functions are tested to provide a probability forecast
for the daily areal precipitation: the empirical, the exponential distribution and the
mixed exponential distribution. An illustrative overview about common probability
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distribution functions used for the estimation of the precipitation process is given
in Wilks and Wilby (1999).

The empirical distribution already represents an appropriate choice for the esti-
mation of the daily areal precipitation. It can well describe the strongly skewed
distribution of the predictand. However, forecasting local-surface variables with an
empirical sample is restricted to the observations, and an extrapolation of the pre-
dictand larger than the maximum observed value is not possible. To overcome this
problem a theoretical cumulative distribution function must be fitted to the empir-
ical sample. However, the goodness of the extrapolation also depends strongly on
the portion of analogs selected by the algorithm.

The cumulative probability function of the exponential distribution can be taken
for the estimation of the precipitation amount for a given forecast day t:

F [y(t)] = 1− e−λ(t)y(t) , y(t) ≥ 0 (4.24)

The parameter λ(t) of the distribution is estimated by replacing the expected value
of the exponential distribution:

E [y(t)] =
1

λ(t)
(4.25)

with the mean precipitation of the k-similar analogs: λ(t) ≈ 1/x̄(t). Since the
distribution can well describe the skewed character of daily precipitation, the expo-
nential distribution is often selected for the estimation of daily precipitation amounts
(Wilks and Wilby, 1999). However, the exponential distribution is not as flexible as
probability distribution functions with two or more parameters. Those distribution
functions are often preferred. They can more suitably approximate the discrete-
continuous character of daily precipitation. For example, if the analog method is
taken to forecast daily precipitation in Central Europe, the precipitation sample of-
ten contains a number of wet days and dry days (“zeros”) in particular for summer
days. If a distribution function is selected which cannot appropriately describe the
discrete-continuous character of daily precipitation, it is very likely that high precip-
itation amounts are underestimated (see Wilks, 1999). To overcome this problem,
the mixed exponential distribution is taken which is a weighted mixture of two ordi-
nary exponential distributions. The cumulative distribution function of the mixed
exponential distribution function is defined as:

F [y(t)] = p0(t)
[

1− e−λ1(t)y(t)
]

+ [1− p0(t)]
[

1− e−λ2(t)y(t)
]

, y(t) ≥ 0 (4.26)

The first term of this equation describes the left tail of the distribution function
selected for the estimation of smaller precipitation amounts and to describe the por-
tion of dry days. Higher precipitation amounts are modeled with the second term.
The probability p0(t) defines the weight for each distribution function. The expected
value of the mixed exponential distribution is the weighted average of the expected
value of both ordinary exponential distributions:
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E [y(t)] = p0(t)
1

λ1(t)
+ [1− p0(t)]

1

λ2(t)
(4.27)

Since small precipitation amounts cannot activate flood relevant processes, a pre-
cipitation threshold of 2 mm/d is selected to define all days with a precipitation
amount lower than this threshold as dry days by replacing the actual value by a
zero. A further reason for the conversion is that the precipitation probabilities are
estimated for an area. The larger the area is, the higher is the likelihood for a pre-
cipitation event in this area. The selection of a precipitation threshold eliminates
small events to provide finally a more appropriate description of the probabilities
for low precipitation amounts.
The parameter p0(t) in Equation 4.26 is estimated in this study by the relative

frequency of dry days of the analogs. In this case, the left term of this Equation can
be simplified to:

F [y(t)] = p0(t) + [1− p0(t)]
[

1− e−λ2(t)y(t)
]

, y(t) ≥ 0 (4.28)

since the parameter λ1 is infinite in the case of all days with zero observations and
the exponential function of the left term of Equation tends 4.26 tends to 0. The
expected value of this cumulative distribution function is:

E [y(t)] = [1− p0(t)]

(

1

λ2(t)

)

(4.29)

The parameter λ2(t) of the mixed distribution function can be estimated by selecting
the mean precipitation amount of wet days of the analogs.

4.5 Strategy of the Model Development

The model settings are specified for each study region and for the summer (April
to September) and the winter half period (October to March). To test the spa-
tial transferability of the approach, the catchments are separated into two groups.
The daily areal precipitation of the Nahe, the Iller, the Freiberger Mulde and the
Fränkische Saale is selected to specify the model parameters for the four study re-
gions. Afterwards, the model is transferred to the neighboring catchments (Ruhr,
Upper Sieg, Prüm and Upper Main) to predict the daily areal precipitation for these
study sites.
The downscaling approach is validated by a cross-validation technique. This tech-

nique subdivides the data of the observation period into k subsets. The data of k−1
subsets represent the calibration set taken to specify the model parameters. The
remaining subset is used for the validation of the approach. Afterwards, the calibra-
tion and validation step is repeated k−1 times and in each repetition a new subset is
selected as validation set. In this study an extreme form of the cross-validation tech-
nique, the leave-one-out cross-validation, is selected. This kind of cross-validation
selects only the forecast day as validation set to evaluate the forecast quality. The
remaining data is taken for the calibration. Afterwards, the validation is repeated
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distance and to link pattern closeness to pattern similarity. Afterwards, the
predictor coefficients (aj) of the second and the third variable are stepwise
determined. The predictor configuration is specified by screening through a
predictor archive (GPH, MFLX and RHUM) of three pressure levels (1000,
850 and 700 hPa) and three observation times (12, 18 and 24 UTC).

4. Selection rule: The selection process is investigated by defining a moving
window for every year of the investigation period centered on the target day.
Then, the forecast value of the approach is determined for different window
lengths (30 days to 365 days).

5. Number of analogs and probability functions: In step 1 to 4 an empirical
sample of 60 analogs is taken to provide a probability forecast. To determine
the objective function, the quantiles of the empirical distribution are selected
as decision threshold qt = [1/61, 2/61, ..., 60/61] with pt = 1−qt. However, the
model performance also depends on the number of the most similar analogs and
the cumulative distribution function. In the last step the forecast performance
of the analog method, based on the exponential and the mixed exponential
distribution, is calculated for different sets of the most similar analogs and
compared to the reference algorithm based on the empirical distribution.

In every calibration step the score of the objective function is calculated and com-
pared to the score of a reference algorithm based on standard settings to illustrate
in a suitable manner the model improvement (or worsening) for the different user-
defined criteria. However, the model improvements are in some particular cases
small and probably not statistical significant or the ’best’ model settings specified
for a criterion seem to be not reliable. In both cases the model improvements are
neglected and the new parameter set is replaced by a more plausible parameter set
which is taken for the further steps of the model development.
In the following sections a more detailed description of the model development is

given and the influence of the user-defined criteria on the forecast performance is
illustrated.

4.6 Influence of User-Defined Criteria

4.6.1 Predictor Selection and Predictor Configuration

The predictor configuration (observation time and pressure level) is determined for
the geopotential height, the moisture flux and the relative humidity. The predictors
are taken from five observation times (6, 12, 18, 24 and 30 UTC) enclosing the
measurement interval of daily precipitation (6 to 6 UTC of the following day) and
from four pressure levels (1000, 850, 700 and 500 hPa). To hold the number of
model runs as small as possible, the same predictor domain is selected for the four
study regions. The domain is slightly smaller (15◦ x 15◦) for the summer than for
the winter (20◦ x 20◦). The center of the predictor domain is located southwesterly
to the study regions at 47.5◦ N and 5◦ E.
The model performance based on the Euclidean distance and the height field is

given in Figures 4.3a and 4.3b. To illustrate the performance of the approach, the
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mean value of the objective function is calculated for the four catchments selected for
the calibration. The positive value of the objective function indicates that the analog
forecast is superior compared to the low-skill reference forecasts for all observation
times and pressure levels. The score of the objective function is also higher for winter
than for summer indicating that the prediction of intensive precipitation is more
skillful in winter. In summer, the relationship between the large-scale atmospheric
circulation and precipitation is weaker. Intensive summer precipitation is often the
result of local convective processes which have a high stochastic character. The
prediction of those events is more difficult compared to events which are related
to advective processes. But due to their local character the impact of convective
precipitation is more relevant for head catchments.

The model performance is also strongly influenced by the predictor configuration.
The forecast of intensive precipitation is improved if a predictor is selected from
an observation time which is in the center of the measurement interval of daily
precipitation. For example, the algorithm based on a height field at 18 UTC has
the highest forecast value illustrating that a predictor taken from this observation
time contains the most suitable information to explain intensive precipitation from 6
UTC to 6 UTC. However, the forecast performance is also influenced by the choice
of the pressure level. Analog forecasting based on height fields of the boundary
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Figure 4.3: Influence of the predictor configuration on the model performance for
the height field (GPH). d1 = Euclidean distance, d2 = Distance related
to the Pearson correlation.
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level is superior compared to height fields selected from the free atmosphere. For
instance, the 1000 hPa height field performs best in summer. This result is a little
bit surprising since the 1000 hPa field describes the state of the atmosphere on
the ground while dominate precipitation processes like cloud formation take usually
place in the free atmosphere. The result might indicate that the height fields of
the boundary level are probably more reliably simulated by a GCM than the height
fields of the upper pressure levels.

The optimum pressure level and observation time is also determined for an al-
gorithm which measures the similarity between patterns to see whether the choice
of the distance function also affects the predictor configuration. The Figures 4.3c
and 4.3d show the model performance of this algorithm in comparison to a reference
algorithm which measures pattern closeness and which performed suitable in the
previous case (Euclidean distance and the 850 hPa height field at 18 UTC). On the
ordinate the relative difference between both objective functions ∆obj∗ is given. A
positive value indicates a model improvement, whereas a negative difference repre-
sents a worsening of the model predictions. The selection of the algorithm comparing
pattern similarity improves the forecast for summer and winter extremes. Further-
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Figure 4.4: Influence of the predictor configuration on the model performance for
the moisture flux (UFLX) and the relative humidity in comparison to
a reference algorithm (Euclidean distance, 850 hPa height field at 18
UTC). d1 = Euclidean distance, d2 = distance related to the Pearson
correlation.
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more, the selection of this function also influences the predictor configuration. The
optimum configuration for this distance is in summer the 1000 hPa height field at
24 UTC.

The results of the investigation for both humidity related variables are presented
in Figure 4.4. The model performance is again compared to the reference algorithm
selected in the previous case. Forecasting intensive precipitation based on the mois-
ture flux field has a similar performance compared to the height fields (Figures 4.4a
and 4.4b). An appropriate configuration for the moisture flux field is the 18 UTC
field taken from a pressure level of the planetary boundary level such as the 850
hPa field. In summer, the relative humidity presents also a crucial variable for the
prediction of intensive precipitation which can even outperform the prediction of
the height fields (see Figure 4.4c). However, in contrast to the other two predic-
tors, the selection of an appropriate configuration is more important, otherwise the
forecast performance clearly decreases. In winter, the model performance based on
the relative humidity is clearly lower when compared to the other predictors (not
shown here). The investigation presented in this section is also repeated based on
an algorithm which takes a smaller predictor domain (see Figure 4.4d). Forecasting
intensive precipitation based on the moisture flux and the distance function related
to the Pearson correlation is clearly poorer for smaller domains compared to other
techniques. Thus, this kind of analog forecasting is neglected for further calibration
steps.
The investigation in this section illustrates that the selection of an appropriate pre-
dictor configuration is an essential factor for the model performance. A reasonable
first choice is a predictor field which describes the atmospheric state of the planetary
boundary level at an observation time which is in the center of the measurement
interval of daily precipitation. The investigation also pointed out that there are
predictor configurations which outperform this choice. However, it is quite difficult
to find an optimum configuration since the predictor configuration is influenced by
other criteria like the distance function. In the following section it is demonstrated
that the model performance is also influenced by the predictor domain.

4.6.2 Predictor Domain

The configuration of the predictor domain is specified for the 1000 hPa height field
at 18 UTC and the 850 hPa zonal moisture field at 18 UTC. To point out a suitable
location of the domain center, a quadratic domain (10◦ x 10◦) is moved in each
direction (see Figure 4.2). Afterwards, the optimum location of the domain center is
taken to determine the size and form of the predictor domain. A quadratic predictor
domain (A) and three rectangular forms (B, C, D) are selected (see Figure 4.2)
which are changed from a small (e.g. 5◦x 5◦) to a large domain (e.g. 25◦ x 25◦). The
investigation is performed for all study regions to estimate the predictor domain
for each region. The influence of the domain center on the model performance is
given in Figure 4.5. The model performance is compared to a reference algorithm
based on a predictor domain where the study region is located in the center of this
domain. The figure shows the relative differences between both objective functions
given in relation to the zonal distance. The zonal distance measures the distance
between the longitude coordinate of the domain center and the longitude coordinate
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Figure 4.5: Influence of the domain center on the model performance for the geopo-
tential height (GPH) and the moisture flux (UFLX) in comparison to a
reference algorithm where the location of the domain center is identical
to the location of the study region.

of the nearest grid point of a study region (see Table 3.1). The figure illustrates that
the forecast performance increases if the domain center of the height field is located
southwest of the catchments (Figure 4.5a and Figure 4.5b). The spatial offset of
the predictor domain seems to be reliable since air masses from the southwest are
usually warmer and can transport more moisture to the study region. In summer,
the spatial offset of the height field is less due to the weaker link between the large-
scale flow and intensive precipitation. A similar result is given in Figure 4.5c and
Figure 4.5d for the moisture flux, but the spatial offset of the predictor domain is
more dominant for the height field than for the moisture flux field.
The forecast performance of the analog method in relation to the domain size and
the domain form is given in Figure 4.6 where the domain size is indicated by the
number of grid points. For instance, if a quadratic domain with an extension of 10◦

x 10◦ is taken, the distance is calculated between the predictor values at 25 grid
points. A reference algorithm based on a medium-sized quadratic domain (15◦ x 15◦

in summer and 20◦ x 20◦ in winter) is selected for the comparison.

The forecast is poor for a small height field (e.g. 5◦ x 5◦). On the other hand,
the choice of a large domain (e.g. 25◦ x 25◦) can also worsen the forecast. This
result illustrates that there is an optimum number of grid points needed for the
distance calculation. However, this number is influenced by the season (compare
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Figure 4.6: Influence of the domain form (A, B, C and D) and size (see for an
illustration Figure 4.2) on the model performance for the geopoten-
tial height (GPH) in comparison to a reference algorithm based on a
medium sized domain (winter: 20◦ x 20◦; summer: 15◦ x 15◦).

Figure 4.6a and Figure 4.6c) and the distance function (compare e.g. Figure 4.6a and
Figure 4.6b). For instance, a smaller domain should be preferred for the predictions
of summer extremes and a larger domain should be selected to determine pattern
similarity. It is also illustrated in Figure 4.6a that the domain form influences the
model performance as well. A quadratic domain seems to be a reasonable first
guess, in particular for the predictions of summer extremes. But the selection of
a rectangular domain (form C) can improve the forecast of winter extremes since
humid westerly fluxes dominate in this season.

The investigations in this section demonstrate that the selection of an appropriate
predictor domain is a further important step for the precipitation downscaling and
can slightly improve the model performance. The domain size seems to be the
most important factor for the prediction of intensive precipitation and should be
determined before the form or the center is specified. In winter, a reasonable estimate
for the height field and the moisture flux field is a rectangular domain based on more
than 30 grid points (e.g. 15◦ x 10◦) and which is slightly shifted to the southwest of
the study region of interest. For the prediction of summer events a smaller domain
can be selected which is quadratic (e.g. 10◦ x 10◦) and more centered to the study
region since local convective processes dominate during this season. Nevertheless,
the investigations in this section demonstrate that a manual specification of the
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Table 4.1: The predictor domain estimated for the height field (GPH) and the zonal
moisture flux field (UFLX). d1 = Euclidean distance, d2 = distance
function related to the Pearson correlation. The coordinates of the
domain center are given in relative coordinates. The nearest grid point
to the study region is located in the origin of the coordinate system.

catchment domain period GPH d1 GPH d2 UFLX d1
Mean center wi (-5.0◦ ; -2.5◦) (-5.0◦ ; -2.5◦) (-2.5◦ ; 0.0◦)

su (-5.0◦ ; -2.5◦) (-2.5◦ ; -2.5◦) (-2.5◦ ; 0.0◦)
size wi 10◦ x 10◦ 20◦ x 10◦ 25◦ x 20◦

su 10◦ x 5◦ 10◦ x 10◦ 20◦ x 20◦

Nahe center wi (-5.0◦ ; -2.5◦) (-5.0◦ ; -2.5◦) (0.0◦ ; -2.5◦)
su (0.0◦ ; 0.0◦) (0.0◦ ; 0.0◦) (0.0◦ ; -2.5◦)

size wi 10◦ x 10◦ 20◦ x 10◦ 15◦ x 10◦

su 10◦ x 5◦ 15◦ x 15◦ 10◦ x 5◦

F. Saale center wi (-5.0◦ ; -2.5◦) (-5.0◦ ; -5.0◦) (-2.5◦ ; -5.0◦)
su (-5.0◦ ; -0.0◦) (-2.5◦ ; -2.5◦) (-2.5◦ ; -2.5◦)

size wi 10◦ x 10◦ 15◦ x 15◦ 20◦ x 10◦

su 20◦ x 15◦ 5◦ x 5◦ 15◦ x 15◦

F. Mulde center wi (-2.5◦ ; -5.0◦) (-2.5◦ ; 0.0◦) (0.0◦ ; 0.0◦)
su (-2.5◦ ; -2.5◦) (-5.0◦ ; -2.5◦) (0.0◦ ; 0.0◦)

size wi 10◦ x 15◦ 25◦ x 15◦ 20◦ x 20◦

su 5◦ x 10◦ 10◦ x 10◦ 25◦ x 25◦

Iller center wi (-2.5◦ ; -2.5◦) (-5.0◦ ; -5.0◦) (-2.5◦ ; -2.5◦)
su (-5.0◦ ; -2.5◦) (-5.0◦ ; -0.0◦) (-2.5◦ ; 0.0◦)

size wi 15◦ x 15◦ 25◦ x 25◦ 15◦ x 20◦

su 15◦ x 15◦ 30◦ x 20◦ 20◦ x 25◦

predictor domain is not straightforward and seems to be time consuming due to the
dependence on several factors like the choice of the similarity measure, the season,
the study region, the predictor and the predictand itself (see also the predictor
domain determined for each study region in Table 4.1).

4.6.3 Distance Parameters and Predictor Weights

The parameters of the mixed distance (p1, p2 and β) and the predictor coefficients
(ai) are estimated one after another. At first, the parameters of the Lp-distances (p1,
p2) are determined and afterwards the weight β is specified to link pattern closeness
to pattern similarity. All three parameters are only specified for the geopotential
height. The parameter of the Lp-distance measuring pattern closeness is only de-
termined for humidity related variables, since the model predictions based on the
other distance measure are poor (see Section 4.6.1). The predictors are again the
1000 hPa height field at 18 UTC and the 850 hPa moisture flux field based on the
predictor domain listed in Table 4.1.

After estimating the parameters for the distance function, this parameter set is
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Figure 4.7: Influence of the distance parameters (p1, p2 and β) on the model per-
formance in comparison to a reference algorithm.

taken to estimate the coefficient for the second and the third predictors. The vari-
ables are stepwise integrated to the distance formula. For predictor set A the first
variable is the geopotential height, the second variable is the moisture flux and the
third variable is the relative humidity. The order of the variable is chosen according
to the general model performance based on a single predictor. The predictor con-
figuration is determined by screening through an archive of nine candidates. The
candidates (GPH, UFLX and RHUM) are selected from three pressure levels (1000,
850 and 700 hPa) of three observation times (12, 18 and 24 UTC). The predictor
domains for the geopotential height and the moisture flux are listed in Table 4.1.
A medium-sized domain (15◦ x 15◦) is selected for the relative humidity and for
all study regions. The location of the domain center is identical to the location of
the study region. The predictor weight is determined by increasing the value of the
coefficient in small equidistant steps. To simplify the estimation of the predictor co-
efficients, the single predictor distances are normalized to an interval between zero
and one.

The Euclidean distance and the function related to the Pearson correlation seem to
be an appropriate choice for a distance function (Figure 4.7a and Figure 4.7b). The
model performance is again compared to a reference algorithm based on standard
properties for the distance parameters (p1 = 2 and p2 = 2). The model predictions
for intensive winter precipitations are slightly improved if the Manhattan distance
(p = 1) is selected. However, this improvement is almost negligible compared to the
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Table 4.2: Optimum distance parameters for analog forecasting derived with the
1000 hPa height field (GPH) and the 850 hPa zonal moisture flux field
(UFLX).d1 = Euclidean distance, d2 = distance related to the Pearson
correlation.

catchment season GPH UFLX
p1 p2 β p1

Mean wi 1 1 4 2.5
su 1.5 2.5 10 1

Nahe wi 2 1 2 1.5
su 1 1 0.5 1.5

F. Saale wi 1 1.5 4 2
su 5 1.5 0.25 2

F. Mulde wi 1 1 100 1
su 1.5 2 10 3

Iller wi 3 1 10 1
su 5 1.5 0.25 2.5

results mentioned in the previous sections.

The introduction of the mixed distance can more enhance the forecasts in par-
ticular for the prediction of winter extremes (see Figure 4.7c and Figure 4.7d). In
these figures the model predictions are compared to the predictions of an algorithm
based on an equally weighted mixed distance (β = 1). However, it is crucial to
find the optimal parameter value for β, otherwise the forecast with a single distance
function outperforms the forecast based on the mixed distance. Furthermore, the
model prediction can only be improved if the forecasts of two algorithms based on
ordinary distance functions perform similar. For instance, for the Freiberger Mulde
the algorithm based on an ordinary distance function performs as good as the al-
gorithm based on the mixed distance which is indicated by the large value for the
distance weight β = 1 given in Table 4.2.

The integration of the second and third predictor can clearly improve the predic-
tion of intensive precipitation (see Figure 4.8). In particular the moisture flux has
a similar information content than the geopotential height indicated by the same
values of both predictor coefficients in Table 4.3. The predictor coefficient of the
moisture flux determined for the Freiberger Mulde is even higher than the coefficient
of the height field. The relative humidity is less important for the prediction of in-
tensive precipitation. Nevertheless, the integration of the relative humidity slightly
improves the forecast of intensive precipitation even for the winter. The predic-
tor configuration determined for the second variable indicates that the information
content of the second predictor is higher if a variable is not taken from the same
pressure level and observation time like the first predictor (see Tables 4.3 and 4.4).
For example, the best configuration for the Nahe is the 1000 hPa height field at 24
UTC and the 700 hPa moisture flux field at 18 UTC. Predictors of other pressure
levels and observation times (like 500 hPa, 6 UTC) were also tested as candidates for
the second variable, but their performance was generally lower. This result indicates
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Table 4.3: Predictor configuration (time and level) and predictor weights (a1, a2
and a3) determined for predictor set A.

GPH UFLX RHUM
site seas. time level time level time level a1 a2 a3

[UTC] [hPa] [UTC] [hPa] [UTC] [hPa]
Mean wi 24(18) 1000 18 700 18 700 1 1 0.5

su 24(18) 1000 12 700 18 700 1 1 0.5
Nahe wi 24 1000 18 700 18 700 1 0.5 0.4

su 24 1000 18 700 18 1000 1 1 0.4
F. Saale wi 24 1000 12 700 18 700 1 1.2 0.5

su 24 1000 12 700 18 700 1 1 0.5
F. Mulde wi 18 1000 18 700 18 700 1 1.5 1

su 18 1000 18 700 18 700 1 1.5 0.5
Iller wi 18 1000 24 700 18 700 1 1 1

su 18 1000 12 700 18 700 1 0.4 0.25

that there is an optimal distance in terms of the observation time and the pressure
level between two predictors for the identification of analogs.

The investigation in this section demonstrates that the integration of humidity
related variables clearly improves the prediction of intensive precipitation and that
the selected multivariate predictor set seem to be appropriate for the description
of the actual state of the atmosphere. However, there are still possibilities to test
further predictors like air flow indices (see Section 6.3.4) which might improve the
predictions. It is also very likely that intensive precipitation depends not only on
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Figure 4.8: Influence of the predictor combinations on the model performance in
comparison to a reference algorithm based on the geopotential height
(GPH). UFLX = zonal moisture flux, RHUM = relative humidity.
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Table 4.4: Predictor configuration (time and level) and predictor weights (a1, a2)
of predictor set B.

GPH GPH
catchment season time level time level a1 a2

[UTC] [hPa] [UTC] [hPa]
Mean wi 24(18) 1000 12 700 1 0.5

su 24(18) 1000 12 700 1 0.6
Nahe wi 24 1000 12 700 1 0.8

su 24 1000 12 700 1 0.8
F. Saale wi 24 1000 12 700 1 0.4

su 24 1000 12 850 1 0.8
F. Mulde wi 18 1000 12 700 1 0.6

su 18 1000 18 700 1 0.6
Iller wi 18 1000 12 700 1 0.4

su 18 1000 12 700 1 0.4

the actual state of the atmosphere. Additional information which describe the pre-
conditions e.g. the origin and the track direction of a low pressure system might be
also relevant for the identification of suitable analogs. The analysis in this section
also illustrate that the estimation of appropriate distance parameters and predictor
coefficients is not straightforward and that it is influenced like the other criteria by
a number of factors.
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4.6.4 Number of Analogs and Probability Functions

The optimal number of the most similar analogs and the best cumulative distribution
function for describing the forecast uncertainty is usually not known. To investigate
this issue, various sets of the most similar analogs k = [2, 4, ...., 100] are used for
the estimation of the parameters of the exponential and the mixed exponential dis-
tribution. The percentiles qt = [0.01, 0.02, ...., 0.99] of the cumulative distribution
function are taken as the decision threshold to calculate the value of the objective
function. It is compared to the score of a reference algorithm which is based on an
empirical sample of the 60 most similar analogs. The value of the objective func-
tion for the reference algorithm is determined by selecting the following quantiles
qt = [1/60, 2/60, ..., 60/61]. The investigation is performed for the predictor set A
based on the model settings which are presented in the previous section.
The curves in Figures 4.9a and 4.9b illustrate that the forecast value of the analog
method strongly depends on the most similar analogs. In winter, at least 30 analogs
and in summer more than 40 analogs should be used for the parameter estimation
to provide a valuable forecast for intensive precipitation. The mixed exponential
distribution outperforms the empirical and the exponential distribution in particu-
lar for summer extremes, when the algorithm selects a number of dry days even for
the prediction of extremes. Note that the model improvement due to the selection
of the theoretical distributions is mainly the result of the higher number of deci-
sion thresholds selected for the theoretical distributions (99 compared to 60 for the
empirical distribution), since the value of the objective function is sensitive to the
number of thresholds in particular for extremes. The optimal number of analogs
and optimal cumulative distribution function determined for the four study regions
is listed in Table 4.5.

4.6.5 Selection Rule

In analog forecasting a selection rule is often formulated separating the data into
two or more subsets to speed up the algorithm and to account for the intra-annual
variability of predictor and predictand. Usually, the selection process is restricted
by a moving window which is defined for each year of the investigation period and

(a) winter (b) summer

Figure 4.9: Influence of the number of most similar analogs on the model perfor-
mance; Predictor set A.
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Table 4.5: Optimal number of analogs n, cumulative distribution functions (EX =
exponential, MEX = mixed exponential) and the length of the moving
window, predictor set A.

catchment / study region season n distrib. window lenght
[-] function [days]

Mean wi 38 MEX 310
su ≥ 40 MEX 160

Nahe wi 24 MEX 310
su ≥ 40 MEX 160

F. Saale wi 52 EX 310
su ≥ 40 MEX 130

F. Mulde wi 44 MEX 310
su 60 MEX 220

Iller wi 34 MEX 260
su 48 MEX 160

centered on the target day. The window length defines the size of the subset used
for the selection of analogs which is mostly not larger than two or three months
(see e.g. Lorenz, 1969; Matulla et al., 2007). In this case, the algorithm selects
e.g. for a winter day only analogs which occurred also in winter. However, weather
states leading to intensive precipitation are rare and the selection of a small window
can miss an important analog. To determine an appropriate size of the moving
window, different lengths of the window are tested in this section. The investigation
is performed for an algorithm based on the predictor set A and the model settings
listed in the aforementioned sections. The model predictions are compared to a
reference algorithm without any restrictions.
The influence of the selection rule is illustrated in Figures 4.10a and 4.10b. The

optimum window length determined for the four study regions is listed in Table 4.5.

(a) winter (b) summer

window length [days] window length [days]

Figure 4.10: Influence of the selection rule on the model performance. The relative
change of the objective function is given for different sets of the most
similar analogs (30, 40, ..., 80) which performed best; Predictor set
A.
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The model predictions are marginally improved due to the restriction. The most
important factor is that a window length is selected which is not too small; otherwise
the forecast performance of the algorithm significantly decreases. It is recommended
to choose a moving window of at least six months (> 180 days) for the prediction
of winter extremes and a slightly smaller window (> 130 days) for summer events.
This result is different to the aforementioned studies which selected a window of
three or less months. However, if the selection process is analyzed for a forecast
day, the algorithm without any restriction already distinguishes suitably between
summer and winter situations (not shown here). A further influencing factor for the
selection rule is the strength of the intra-annual variability of the predictand which
is usually weaker for maritime influenced study regions compared to study regions
located in a climate zone with a high continental or subhumid character.

4.7 Forecast Skill and Value

4.7.1 Optimal Use of a Probability Forecast

The model parameters specified in the aforementioned sections for the study region
WG and MG and for the predictor set A are taken to test the model transferabil-
ity of the approach for the neighboring catchments (Ruhr, Upper Sieg, Prüm and
Upper Main). The value and the skill of the methodology is calculated for the
relative value defined in Equation 4.21 for the following set of decision thresholds
pt = [0.01, 0.02, ..., 0.99]. Note that for the study regions located in EG and MG
the investigation period is slightly longer (1951 to 2005) than for the other study
regions (1958 to 2001). Thus, the model performance is not only evaluated for
the cross-validation period (1958 to 2001). In the following the mean performance
of the downscaling approach is calculated for all study regions and for the entire
investigation period.

The forecast value of the analog method in dependence on the cost-loss ratio
is shown in Figure 4.11. In the upper left graph the relative value of the model
predictions is illustrated for moderate winter precipitation if the forecaster takes the
50 %, the 30 % or the 10 % probability threshold for decision making corresponding
to the median, the 70 %-quantile and the 90 %-quantile of the forecast. The selection
of the median forecast is poor in particular for users with low cost-loss ratios (small
cost and high loss). This warning strategy only produces a moderate number of
alarms but the events are often missed increasing the losses for this user. On the
other hand, the selection of the 30 % and the 10 % probability threshold is more
suitable for them since more alarms are triggered by the warning system rising the
costs for these users but minimizing their losses.

This example illustrates that the selection of an appropriate decision threshold
strongly depends on the cost-loss ratio of an individual user. However, the optimal
use of the probability forecast depends on the return frequency of an event, as well
(see Figure 4.11b). The decisions are valuable if the forecaster selects a threshold
which is clearly lower compared to the decision thresholds for moderate events. If the
decision maker selects e.g. the 2 % probability threshold, his decisions are valuable
for a number of users. In this case, the warning system triggers a number of alarms
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(a) (b)

(c)

winter: sl = 0.20  1/d  ~ N > 4.5 mm/d

winter: sl = 0.005  1/d  ~ N > 28 mm/d

(d)

winter: sl = 0.005  1/d  ~ N > 28 mm/d

(c)

winter: sl = 0.005  1/d  ~ N > 28 mm/d

Figure 4.11: Mean forecast value of the probability forecast in dependence on the
cost-loss ratio. a and b: forecast value for three probability thresholds
for moderate and intensive winter precipitation. c: forecast value for
the entire set of probability thresholds for intensive winter precipi-
tation. d: Maximum forecast value of the probability forecast with
three performance measures: Vmax = maximum value, Va = area of
forecast value, Ui = user interval [αmin;αmax]. Investigation period
(1951 (1958) to (2001) 2005), predictor set A, all catchments

increasing the hit rate and minimizing the losses. However, this warning strategy is
only suitable for users with low cost-loss ratios. For users with high cost-loss ratios
the forecaster must select a higher decision threshold e.g. the 10 % probability
threshold. In this example, a logarithmic scale is selected to focus more on users
with low cost-loss ratios. In Figures 4.11a and 4.11b the forecast value is given for
a limited number of decision thresholds. The forecast value for the entire set of
decision thresholds is illustrated in Figure 4.11c. If the decision maker selects the
optimal threshold for an individual user, he can maximize the forecast value for this
user. If he selects the optimal decision thresholds for all users, the maximum value of
the probability forecast can be determined which is described by the envelope curve
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drawn in Figure 4.11d. The optimal use of the probability forecast ensures that
the value of the probability forecast is always higher or at least the same compared
to a non-probability forecast such as the ensemble mean for the same model. This
example clearly demonstrates the advantage of a probability forecast compared to
other forecasting techniques. The distribution of the maximum value shows that
the highest forecast value is obtained for users with cost-loss ratios similar to the
return frequency. For these users the low-skill reference forecasts are the weakest
and they can gain a high benefit from the model predictions. The reference forecast
is the strongest for cost-loss ratios tending to zero or 1. For example, the analog
forecast has only a value for cost-loss ratios ranging between 0.0001 and 0.5 for
the prediction of intensive winter precipitation. If a user is outside this interval, he
gains no benefit from the model predictions. In this case, it is recommended that the
low-skill reference forecast is selected for the decision making instead of the model
predictions. Otherwise, the decisions based on the model outcomes are poorer than
the low-skill warning strategy and the average expense of the model predictions are
even higher than the average expense of the low-skill reference forecast. If only
monetary costs are considered, the decision maker will even waste money due to his
poor decisions. This is a further illustrative example demonstrating the importance
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Figure 4.12: Maximum value (a and b) and user interval (c and d) in dependency
on the return frequency. Investigation period (1951 (58)- (01) 2005),
predictor set A, all catchments.
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of cost-loss approaches for the analysis of decision-making processes and showing
that a low-skill reference forecast can even outperform model predictions for certain
users.
To determine the value of the model predictions over the entire range of the pre-

dictand, three performance measures are introduced: the maximum value Vmax, the
user interval Ui=[αmin;αmax] and the area of the forecast value Va (see Figure 4.11d).
The maximum value represents the peak value of the envelope curve describing the
maximum possible value of the model predictions. The user interval measures the
user range gaining a benefit from the model predictions. The larger the interval is
the more users can profit from the forecast. The area of the forecast value describes
the area between the envelope curve and the line indicating zero value. It is approx-
imated by the objective function proposed in Section 4.3. If the objective function
is maximized, the area of the forecast value increases and at least one of the other
two performance measures rises as well.
The maximum value in dependence on the return frequency of an event is given

in Figures 4.12a and 4.12b illustrating a high model performance for intensive pre-
cipitation. However, the forecast value of analog forecasting also depends on the
season. In summer, the value is lower than in winter indicating that the detection of
summer extremes is weaker due to the higher stochastic character of those events.
The curves in Figures 4.12a and 4.12b represent the mean maximum value of all
catchments selected in this study. The error bars characterize the lowest and high-
est maximum value for the test sites illustrating a high forecast performance for
all catchments and indicating the suitable model transferability to the neighboring
catchments. However, the range of the maximum value increases with the precipi-
tation amount. It is the largest for intensive precipitation indicating a high spatial
variability of the forecast value, in particular for the extremes. Thus, the forecast
performance depends also on the catchment. In future studies the spatial variability
of the forecast performance must be also taken into account to investigate how large
the influence is for decision making process.
The user interval determined for summer and winter is given in Figures 4.12c

and 4.12d. The larger the area is between both curves, the more users can profit
from the model predictions. The curves illustrate that the analog forecast is skillful
for a number of users over the entire range of the predictand. Since the performance
of the low-skill reference forecasts is the weakest for cost-loss ratios similar to the
return frequency, the user range is shifted to lower cost-loss ratios with increasing
precipitation amount. The forecast value in terms of the user interval is the largest
for the prediction of winter extremes and a wide range of users can profit from the
forecast for all catchments. This demonstrates again the suitable transferability of
the approach.
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4.7.2 Intra-annual Variability

Since the detection of extremes is clearly poorer in summer, the maximum value and
the user interval is characterized by a strong intra-annual variability (Figure 4.13a
and Figure 4.13b). In winter, the model predictions are strong for low and for
intensive precipitation characterized with a high hit rate and a small number of
false alarms (Table 4.6). In March the forecast performance clearly decreases. In
summer the forecast performance is the lowest but the predictions are still skillful
and have a moderate value for a number of users. But due to the variation of the
user interval, the predictions are not skillful for all individual users throughout the
entire year. For these specific users the decision maker must take into account the
poorness of the model predictions in summer, otherwise the average expense of the
analog forecast is higher compared to the low-skill reference forecast.

The different examples in this section demonstrate that the predictions of the
analog method are skillful and have high forecast value for a wider range of users
and over the entire range of the predictand. Nevertheless, a suitable forecast value is
only obtained if the decision maker knows how to use a probability forecast in cost-
loss ratio situations. The optimal use of a probability forecast depends on several
factors like the cost-loss ratio and the return frequency. It is crucial for the design
of a warning system that these factors are taken into account to provide finally
valuable decisions for all users in a region of interest.

Table 4.6: Binary outcomes for the prediction of extremes (a = number of hits, b
= number of false alarms, c = number of misses, d = number of correct
rejections) in WG. HR = hit rate, FA = false alarm rate, pt = optimal
probability threshold, predictor set A. Cross-validation period (1958 -
2001).

catchment season a b c d HR FA pt
Mean year 72.0 2622.3 9.5 13367.3 0.88 0.16 0.02

wi 39.0 577.0 2.0 7400.0 0.95 0.07 0.04
su 33.5 1823.3 7.8 6188.5 0.81 0.23 0.01

Upper year 70 1291 11 14699 0.86 0.08 0.03
Sieg wi 40 504 1 7473 0.98 0.06 0.05

su 32 1505 9 6507 0.78 0.19 0.01
Nahe year 76 3199 5 12791 0.94 0.20 0.01

wi 39 491 2 7486 0.95 0.06 0.03
su 36 1934 6 6077 0.86 0.24 0.01

Prüm year 72 3945 10 12044 0.88 0.25 0.01
wi 40 709 1 7268 0.98 0.09 0.04
su 31 2021 10 5991 0.76 0.25 0.01

Ruhr year 70 2054 12 13935 0.85 0.13 0.04
wi 37 604 4 7373 0.90 0.08 0.04
su 35 1833 6 6179 0.85 0.23 0.02
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Figure 4.13: Intra-annual variability of the forecast value for two precipitation
thresholds. Rhine basin (Ruhr, Sieg, Prüm and Nahe). Cross-
validation period (1958 - 2001).

4.8 Summary and Conclusions

In this chapter an analog forecasting algorithm was proposed for the prediction of
intensive daily areal precipitation. The methodology was performed for all catch-
ments selected in this thesis which are located in four study regions in Germany.
The parameters of the algorithm were determined for every study region and for two
different parameter sets. The first predictor set is a combination of pressure and
humidity related variables designed for short-term predictions. Since humidity re-
lated variables are less reliable for medium-term forecasts a second predictor set was
proposed. This set consists of two geopotential height fields differing in observation
time and pressure level.

Furthermore, a distance function was proposed for the comparison of two atmo-
spheric patterns. This distance function represents a mixture of two Lp-distances to
link two kinds of “similarity” between atmospheric patterns: pattern closeness and
pattern similarity. It was demonstrated that the mixed distance function can slightly
improve the predictions of intensive winter precipitation if model predictions based
on the ordinary distance functions perform similarly. In future investigations the
model performance must be also determined over the entire range of the predictand
to see whether the selection of the analogs based on the mixed distance function can
improve the model predictions also for light and moderate precipitation. The inves-
tigation also indicated that the selection of different Lp-distances like the Manhattan
distance is of minor importance for the downscaling of intensive daily precipitation
and that the Euclidean distance and the distance function related to the Pearson
correlation already represents a suitable first choice for the description of pattern
closeness and pattern similarity.

It was demonstrated that the model performance depends on a number of fur-
ther criteria like the predictor domain or the number of the most similar analogs.
These criteria have to be specified a priori by the user before starting the search
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algorithm. Since a guideline for an appropriate selection of these criteria is not
available, a comprehensive overview was given to investigate their influence on the
model performance. Finally, some recommendations were made for the selection of
appropriate criteria. However, due to the interaction of the model parameters a
manual specification of the different criteria is not straightforward and a lot of user
experience is needed. To tackle this problem, an automated optimization algorithm
is proposed in Chapter 6 to specify an appropriate predictor domain and an optimum
distance for the selection of analogs. The basic framework of a cost-loss approach
was also presented in the chapter for a two action (“protection”, “no protection”),
two state (“adverse weather”, “no adverse weather”) decision making problem. The
importance of the approach for the analysis of cost-loss situations was highlighted
by means of several examples. The cost-loss approach was also taken to determine
the forecast skill and value of the model predictions indicating the high potential of
the analog method for the detection of intensive daily areal precipitation for a wide
range of users. However, it is crucial for the goodness of the model predictions that
the decision maker knows how to apply a probability forecast in cost-loss situations.
Therefore, the optimal use of a probability forecasts was demonstrated so that a
decision maker can maximize the benefit for the individual user. Additionally, it
was shown that the optimal use of the probability forecast is influenced by several
factors e.g. the cost-loss ratio and the occurrence frequency. These factors must
be taken into account by a forecaster for the optimization of the decision making
process to provide finally a high valuable forecast for all end users of the region of
interest.

The cost-loss approach was also applied for the formulation of an objective func-
tion to maximize the model performance of a binary warning system (“warning”,
“no warning”) based on a probability forecast. The spatial transferability of the
approach was tested by transferring the calibrated model to the neighboring catch-
ments to evaluate the robustness of the estimated model settings. This test was
necessary since in the operational mode the precipitation model must be also trans-
ferable to further catchments which are not part of this thesis to provide a precip-
itation forecast for all catchments located in a region of interest. The transfer of
the model parameter for the prediction of intensive precipitation in the neighboring
catchment indicated a suitable model transferability. In the following Chapter a
more detailed investigation of the transferability is presented. It is illustrated that
the choice of the objective function strongly influences the model parameters and
the model transferability.

Three performance measures based on the cost-loss approach were introduced to
illustrate the forecast value over the entire range of the predictand. It was shown that
the forecast performance in terms of the forecast value is characterized by an intra-
annual variability in particular for the extremes. This temporal variability of the
forecast performance must be accounted for by a forecaster to optimize his decision
and to provide finally a valuable forecast for a number of users. The results also
indicate that the forecast value varies from catchment to catchment. However, this
spatial variability of the forecast performance was not investigated in this chapter
in detail and should be accounted for in future work to investigate how the spatial
variability of the forecast performance affects the decision making process.

Note that the analog method presented in this Chapter represents not only a
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practical approach, but also a valuable methodology for the description of the fore-
cast uncertainty of daily precipitation. The selection of this approach was necessary
since the available forecasting approaches commonly applied by the regional flood
forecasting centers in Germany are limited, as described in Chapter 2. Nevertheless,
there are a several features of the presented approach which should be addressed
in future works to develop a more robust model and to improve the model predic-
tions. One limitation is the large dimensionality of the search algorithm due to the
large predictor domains estimated for the multivariate predictors and the selection
of the mixed distance function. To reduce the dimensionality of the search, a two-
step search algorithm can be applied by selecting in the first step pressure related
variables and in the second step humidity related variables (see e.g. Bontron and
Obled, 2003). A further technique for the reduction of the dimensionality is the
optimization algorithm presented in Chapter 6.
In the following chapters the methodology is compared to further statistical down-

scaling techniques to evaluate the strengths and the weakness of the forecasting ap-
proach. Furthermore, some ways are illustrated to improve the model development
and the model performance.

82



5 Classification

The analysis of past floods in Central Europe clearly indicates a relationship between
large-scale weather phenomena and long-lasting large-area precipitation. An exam-
ple is the Vb-weather pattern which caused the Elbe and Danube flood in 2002 (for
a description of the event see Philipp and Jacobeit, 2003). Actually, this weather
pattern describes the track of a cyclone which moves from the Mediterranean Sea
(the Gulf of Genoa) along the Eastern Alps over Austria and Czech Republic to
Poland. In summer, the Vb-weather pattern and its relating patterns are probably
the main flood producing patterns. They were also responsible for the Odra flood
in 1997 (Malitz and Schmidt, 1997) and the Northern Alp flood in 2005 (Rudolf
et al., 2005). However, in winter large river floods can also occur when zonal flows
dominate so that moist air masses are transported from the Northern Atlantic to
Central Europe. The Rhine floods in 1993 and in 1995 are two examples which were
caused by such a pattern (Engel, 1997). Those weather patterns can be also charac-
terized by a sharp temperature increase so that the impact of intensive rainfall can
be amplified by snow melting in mountainous regions.

Due to the obvious link between the large-scale atmospheric circulation and local
surface variables it is quite common to apply classification techniques. The main
objective is to understand the relationship between the large-scale information and
the local variable (Yarnal, 1992). This goal is attained by classifying the atmospheric
circulation into groups and linking these groups to the local consequences to identify
e.g. weather (circulation) patterns with a high risk of intensive precipitation or
flooding. There are a lot of studies which related surface variables like precipitation
or temperature to large-scale weather patterns (for recent application see Samaniego
and Bárdossy, 2007). A detailed introduction into weather classification is given by
Yarnal (1992) with good overview about many case studies for a number of surface
variables. A brief survey of weather classification is also proposed by Wilby and
Wigley (1997) and Zorita and von Storch (1997).

5.1 Subjective and Objective Classification

The classification approaches are usually separated in subjective (manual) and objec-
tive (automated) techniques (Yarnal, 1992). In subjective classification the knowl-
edge and the judgment of an expert is incorporated into the classification proce-
dure. A well-known example of a subjective classification is the catalog of Hess
and Brezowsky (1969) which describes the Grosswetterlage of Central Europe. The
Grosswetterlage is a sequence of days where the main features of the large-scale
weather remain constant over Central Europe. The Lamb weather types are a fur-
ther subjective classification which is a catalog of daily weather maps developed for
the British Isles (Lamb, 1972).
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There are many reasons for the use of subjective classification (see Yarnal, 1992).
However, subjective classifications are restricted to certain geographical regions so
that the classification is not transferable to other regions (Yarnal, 1992). A further
limitation is that a subjective classification is not reproducible by a second investi-
gator. Thus, the catalog of weather patterns must be reformulated again to avoid
an inconsistent time series (Yarnal, 1992). Subjective classifications are also often
characterized by a large number of weather patterns which make a robust estima-
tion of statistical properties for a surface variable more difficult in particular for rare
patterns. For example, the catalog of the Grosswetterlagen consists of 30 classes and
the Lamb scheme divides the atmospheric flow processes into 29 weather types. To
decrease the number of classes, weather patterns with similar large-scale behavior
and local consequences must be merged together.
To overcome the problems in subjective classification, a variety of objective clas-
sification schemes have been developed (see e.g. Wilby and Wigley, 1997; Bárdossy
et al., 2002) and they are applied for different geographical regions. Yarnal (1992)
and Bárdossy et al. (2002) noticed that in subjective and objective classification
the local surface variable is often not included in the classification procedure. The
circulation patterns are independently derived from the surface variable of interest
and the statistical properties of this variable are calculated for each pattern after
compiling the classification. However, for downscaling applications it is desirable
to develop classifications which incorporate the surface variable in the classification
procedure to explain the variability of the predictand. Such a technique has been
proposed by Bárdossy et al. (2002) for objective classification which specifies large-
scale daily circulation patterns for the variable of interest. The methodology was
applied for precipitation and temperature downscaling for a region in Germany and
in Greece. Furthermore, the classification was also tested for downscaling daily dis-
charge differences to determine flood producing large-scale circulation patterns for
two study regions located in France and in Spain (Bárdossy and Filiz, 2005). The
results of these studies indicated that the classification can distinguish between dry
(cold) and wet (warm) circulation patterns and that the circulation patterns seem
to be physically reasonable.

5.2 Why Objective Classification in Weather

Forecasting?

The aforementioned studies illustrate that classification techniques are widely used
in climate modeling. However, in operational weather forecasting regression-based
approaches seem to be dominating (see e.g. Brunet et al., 1988; Lemcke and Kruizinga,
1988; Wilson and Vallée, 2002) and classification techniques are less represented.
Nevertheless, there are many arguments which make their use for operational pur-
poses very attractive. Some of these arguments are as follows:

1. The output of NWPmodels can be used to determine daily circulation patterns
for different lead times to indicate days with a high or low risk of local extremes.

2. The conditional cumulative distribution function of the surface variable of
interest can be specified for a given weather pattern. This function can be
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used to describe the forecast uncertainty for the surface variable of interest.

3. The forecast performance of weather prediction models can be analyzed for a
given weather pattern. This kind of technique is not often applied in forecast
verification. The performance of the prediction model is usually determined
for different seasons or locations. Furthermore, the model predictions of a
classification technique can be also taken as a reference forecast to evaluate
the skill of further weather prediction models.

4. In the case of the precipitation model proposed in Section 1.2, the classifi-
cation is also essential for the second step of the downscaling algorithm, the
disaggregation of the daily information into precipitation realizations with a
high spatiotemporal resolution. The statistical properties of precipitation such
as intensity or moving direction of precipitation fields are strongly influenced
by the large-scale weather pattern. To allow a conditional simulation e.g. of
precipitation, circulation patterns are needed. There are many studies which
demonstrated the applicability of large-scale weather (circulation) patterns for
the conditional simulation of surface variable (see for daily precipitation e.g.
Bárdossy and Plate, 1992; Bárdossy, 1997; Stehĺık and Bárdossy, 2002).

5. The model parameters of the analog method can be conditioned on a circula-
tion pattern. For example, in Section 6.3.4 a selection rule is formulated which
restricts the search of analogs by conditioning it on a circulation pattern. It is
demonstrated that the model predictions can be slightly improved compared
to a traditional approach and that a faster search algorithm can be created
which is in particular helpful for the optimization of this algorithm.

Classification techniques are also characterized by some less pleasant features. Prob-
ably, their major disadvantage is that the continuous atmospheric flow processes and
their relationship to the local variables are subdivided into discrete groups. If the
classification is used for the prediction of surface variables, this can lead to the
problem that there is an abrupt change of the forecast characteristics of a surface
variable between two weather patterns. The discontinuity is in particular large, if
the properties of the surface variables of two weather patterns are quite different.

Model Purpose

The classification applied in this chapter should form a component of the precipita-
tion model presented in Section 1.2. It transfers the output of a global NWP model
to determine a time series of daily circulation patterns for the forecast horizon of
interest. Before implementing the approach for operational purposes, we investigate
in this chapter how effectively the approach can detect extremes. Thus, the main
purpose is to shed light on the second and the third argument of the aforementioned
list as follows:

1. The performance of the classification for the identification of circulation pat-
terns with a high and low risk of intensive precipitation is analyzed.
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2. The classification is taken to provide a probability forecast of daily areal pre-
cipitation for each day of the investigation period to determine the skill and
the value of the classification for the detection of intensive precipitation.

3. The classification is also compared to the model predictions of the analog
method to identify the strengths and the weaknesses of both downscaling tech-
niques.

4. The conditional forecast performance of the analog method is determined for
a particular circulation pattern.

In this chapter we would also analyze the transferability of the classification from
a dependent data set to an independent data set. The model transferability of
a statistical downscaling approach strongly depends on the choice of the objective
function. Therefore, two objective functions are tested. The first function is based on
a time series of daily areal precipitation. This optimization strategy should represent
the intuitive choice of an investigator if the objective of the model development is
the prediction of daily precipitation. The second strategy takes an indicator time
series of daily discharge differences to allow for a more robust estimation of the
model parameters. Both optimization strategies are used to compile a catalog of
daily circulation patterns for the Rhine basin. Finally, the model performance of
both classifications is analyzed for the prediction of daily areal precipitation for the
same period of an independent data set.
To address these aims, the objective classification developed by Bárdossy et al.
(2002) is applied to determine large-scale daily circulation patterns (CPs). The
concept of this classification is based on fuzzy rules. In the following section the
basic idea of the fuzzy rule-based classification is given and the objective functions
used for classification are presented. The results of the investigation are shown
in Section 5.4 and Section 5.5. The chapter is closed with a short summary and
conclusions for further investigations.

5.3 Fuzzy Rule-Based Classification

5.3.1 Basic Methodology

In this section only a rough description of the fuzzy rule-based classification is pro-
posed. For a comprehensive overview of the objective classification the reader is
referred to Bárdossy et al. (2002). The development of the fuzzy rule-based tech-
nique is delineated in detail in Bárdossy et al. (1995). The basic principle of the
automated classification can be described as follows:
Weather patterns of subjective classifications are often described by imprecise for-

mulations. For example, the characterization of the Grosswetterlage TRM, the
counterpart of the Vb-weather pattern, begins with the following sentence (Hess
and Brezowsky, 1969): “A trough over North and Central Europe is surrounded by
higher pressure over the eastern part of the North Atlantic and western Russia ...”.
The use of fuzzy-rules enables the investigator to incorporate such vague statements
made by an expert. However, the definition of fuzzy rules by an expert is usually
time-consuming and a lot of experience is needed. Instead of defining the fuzzy rules
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in a subjective manner, the rules are specified by an optimization algorithm, so that
even an investigator with less experience can obtain similar results compared to an
expert.
The following steps must be performed to determine a catalog of daily CPs for a
particular region:

1. The daily anomalies of a large-scale pressure related variable like the geopo-
tential height or the mean sea level pressure is calculated (see Equation 3.2).

2. To describe the atmosphere state by imprecise statements, the daily anoma-
lies are transformed into the following categories: “high”, “medium high”,
“medium low”, “low” and “indifferent”.

3. For each CP a fuzzy rule is defined specifying the lows and the highs of the
atmospheric circulation.

4. The degree of fulfillment is calculated for each rule.

5. The fuzzy rule with the highest degree of fulfillment is taken to define a CP
for each day of the investigation period.

6. The objective function is calculated for the catalog of daily CPs.

7. Step 3 to 6 are repeated to find a suitable classification for the surface variable
of interest.

The optimization algorithm for the definition of the fuzzy rules is based on simu-
lated annealing (Aarts and Korst, 1989). A detailed description of the algorithm is
given in Bárdossy et al. (2002). In Section 6.1.2 the basic idea of simulated anneal-
ing is presented for an optimization routine which has been developed for analog
forecasting. In the following sections two objective functions are proposed for the
classification.

5.3.2 Objective Functions

In Section 4.3 an objective function was introduced which measures the forecast per-
formance of a binary warning system. This objective function was used to determine
reasonable parameters for the analog method to maximize the forecast performance
for the extremes. However, it was also mentioned in Section 4.5 that the manual
optimization of the approach leads in some case to less plausible parameter settings.
Thus, the parameters were replaced in a subjective manner by more reasonable
parameters. This result already indicates that the determination of suitable param-
eters which are physically reasonable and which allow for high model transferability
seems to be more complex. In this section we would like to address this topic in
more detail.
A robust identification of model parameters strongly depends on the choice of the
objective function. Therefore, two different objective functions are tested for the
fuzzy rule-based classification. The first optimization strategy is based on daily areal
precipitation. Unfortunately, this strategy has the disadvantage that the assump-
tions of robust parameter estimation can be violated. To enable robust parameter
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estimation, the residuals which are the differences between the model predictions
and the observations should fulfill several assumptions: (i) The mean value of the
residuals is zero; (ii) the residuals are independently distributed (no serial correla-
tion) and (iii) the variance of the residuals is constant and should not depend on
the predictor. In the case of daily areal precipitation most of these assumptions are
strongly violated (for a discussion see the following section).
To overcome this problem, an objective function is proposed which is based on an
indicator time series of daily discharge differences. The selection of discharge differ-
ences has also a second reason. For hydrological applications like flood prediction,
the main objective is the development of a classification which links the large-scale
atmospheric flow to daily discharge for the detection of flood producing situations.
If the concentration time of a catchment is taken into account, such a classification
can be also used for the detection of precipitation extremes, since in the temperate
climate zone, river flooding is mainly the result of long-lasting large-area heavy pre-
cipitation. Finally, a classification is designed for two purposes: (i) The detection of
intensive daily precipitation and (ii) the detection of daily floods. In the following
two sections a more detailed description of both optimization strategies is given.

Optimization criterion based on daily areal precipitation

The objective function for the areal precipitation is based on a weighted mixture of
two precipitation indices describing the wetness of a CP. It has been proposed in
the investigation of Bárdossy et al. (2002).
The first precipitation index PI1 is a measure which relates the conditional precip-
itation sum of a given CP i to the average precipitation sum:

PI1(i) =
ni

n

(∑ni

k=1 y(k) · n
∑n

t=1 y(t) · ni

− 1

)2

(5.1)

where y(k) is the daily precipitation amount of day k of a CP and y(t) is the daily
precipitation amount at day t. ni is the number of days with the same CP and n is
the total number of days of the investigation period. The ratio ni/n is the relative
frequency of a CP defining the weight of a CP for the precipitation index.
The second precipitation index PI2 is a measure relating the conditional occurrence

of wet days of a CP to the average occurrence of wet days:

PI2(i) =
ni

n

(

nwi

ni

−
nw

n

)2

(5.2)

where nwi is the number of wet days of a CP and nw is the total number of wet
days. The value of both precipitation indices ranges between zero and infinite. The
larger the indices are, the better the classification can differentiate between dry
and wet days. An index equal to zero indicates a CP which is not different to the
climatological average. The aim of the optimization is to maximize the differences
between both functions to determine CPs whose precipitation properties deviate
from the climatological average.
To account for the intra-annual variability of daily precipitation, the investigation

period is divided into four periods according to the seasons. Then, the precipitation
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To overcome the latter problem, a subsample of independent discharge realizations
can be selected. But this kind of technique usually leads to information loss which
is also not desirable. An alternative way was proposed by Bárdossy and Filiz (2005)
which is based on daily discharge differences ∆Q(t):

∆Q(t) = Q(t)−Q(t− 1) (5.4)

where Q(t) is the observed discharge on day t and Q(t − 1) is the observed dis-
charge of the previous day. In Figure 5.2 a time series of daily discharge differences
is shown for the gauging station Kemmern situated at the catchment outlet of the
Upper Main. The positive discharge differences are mainly caused by moderate and
intensive precipitation. The negative discharge differences are the response of the
catchment due to the water excess after a precipitation event (Bárdossy and Filiz,
2005). Days with intensive precipitation are indicated by large positive discharge
differences. They are usually followed by large negative responses when the discharge
rapidly decreases after a flood event. The period between two floods is marked by
small variations of discharge differences. The right graph of Figure 5.1 shows the
histogram of the daily discharge differences. It indicates that the distribution func-

Figure 5.2: Time series of observed daily discharge differences measured at the
gauging station Kemmern of the Upper Main.
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tion is nearly symmetric. In this case, it is more likely that the assumptions needed
for a robust estimation are fulfilled. Please note that the selection of daily discharge
difference for the optimization has also disadvantages and some important informa-
tion could be lost. For instance, positive discharge differences can be enhanced by
snow melting or they can be the result it due to a sharp temperature increase.

Bárdossy and Filiz (2005) also demonstrated that an objective function based on
positive discharge differences can be used for the optimization of the fuzzy rules.
However, the positive discharge differences (as well as the negative discharge dif-
ferences) of gauging stations which are located at the catchment outlet are often
regulated due to reservoir operation, in particular during floods. To overcome this
problem, Bárdossy and Filiz (2005) selected several discharge series from gauging
stations which are situated in the head catchments and which are often less influ-
enced by anthropogenic factors.

In this investigation a similar objective function is proposed which is based on
small daily discharge differences. Those discharge differences mark periods between
two flood events that is mainly dry days and days with light precipitation which
produce either no or little runoff. If the classification can suitably predict days with
small discharge differences, the classification can well distinguish those days from
days with high discharge differences. Thus, for the inverse case, the differentiation
of days with high discharge differences from dry days with small differences could
be also enhanced so that finally the detection of flood producing situations might
be improved.

The indicator time series of daily discharge differences ob (t) is calculated as follows.
The indicator value is 1 if the value of the empirical distribution function of daily
discharge differences Fn[∆Q(t)] is in the interval between [0.3; 0.8]:

ob (t) = 1, 0.3 < Fn[∆Q(t)] < 0.8 (5.5)

Otherwise the indicator value is zero:

ob (t) = 0 (5.6)

The objective function obj2 is the weighted mean of the differences between the
conditional mean indicator value of a given CP i ōi and the mean of the indicator
time series ōb:

obj2 =

ncp
∑

i=1

ni

n
[ōi − ōb]

2 (5.7)

The value of the objective function can vary between minus and positive infinite.
A value equal to zero indicates a classification which is not different to the clima-
tological average. The aim of the optimization is to maximize the differences. In
the event of this, a CP-catalog is compiled to distinguish between days with small
discharge differences from days with high discharge differences. The intra-annual
variability of the predictand can be accounted for by calculating the index for each
season.
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5.3.3 Validation Procedure

For the classification with daily precipitation, the predictor are the daily anomalies
of the mean sea level pressure which has been derived from the Research Data
Archive (RDA) of NCAR (see Section 3.2). The domain of the predictor field covers
an area ranging from 30◦ N to 70◦ N and from 40◦ W to 40◦ E. The classification
is performed for the study region WG by selecting the daily areal precipitation of
the Nahe catchment. The validation approach is the split-sampling technique. The
calibration period ranges from 1980 to 1999. The number of CPs is 13.

The classification with daily discharge differences has been performed by András
Bárdossy who provided a catalog of daily CPs from 1900 to 2007 with 12 different
CPs. The same predictor has been selected for this classification but the predictor
domain (25◦ N to 75◦ N and from 40◦ W to 40◦ E) is slightly larger compared
to the domain used for the other classification strategy. The calibration period
ranges from 1980 to 1989. The time series of discharge differences are calculated
from daily discharge series taken from six Rhine gauging stations. Note that the
gauging stations are not part of the catchment used in this study. They are located
around 200 kilometers south to the catchments of WG. Since the gauging stations
are mainly located at the catchment outlet of the Rhine tributaries, a time lag of
one day must be introduced to account for the concentration time of the tributaries.
The comparison between both classifications is performed for the study region WG
(see Section 3.2). The validation set used for the comparison covers a period from
1958 to 1979 and 2000 to 2001.

5.4 Wetness Index and Anomaly Maps

Classification with precipitation

The CP occurrence and three properties describing the precipitation characteristics
of each CP are listed in Table 5.1 for the catchments of the study region WG. The
mean wet day amount describes the average precipitation amount on a wet day. A
wet day is defined in this study as a day with an areal precipitation larger than 2
mm/d. The precipitation index W describes the wetness of a CP. It is the ratio
between the conditional mean precipitation of a CP and the climatological mean
precipitation. The wetness index ranges between zero and infinite. The larger the
wetness index, the wetter the circulation pattern is. A wetness index tending to zero
indicates a dry pattern, obviously.

The mean wet-day amount and the wetness index illustrates that the fuzzy rule-
based classification can appropriately differentiate between dry and wet CPs. Three
CPs (CP 2, CP 3 and CP 10) are characterized by a high wetness index and a high
number of extremes compared to the other CPs. They occurred on 30 % of the
days and were responsible for around 90 % of the 80 largest precipitation events.
The seasonal properties indicate that the classification is slight weaker in summer.
Some CPs with a low wetness index are also characterized by intensive precipitation
during this season.

The investigation of the classification has been also performed for the study regions
located in the Elbe and the Danube basin (EG and SG). To specify a CP-catalog for
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Table 5.1: Statistical properties of the CPs classified for the Rhine basin with
daily areal precipitation. The average properties are shown for three
catchments (Nahe, Sieg and Prüm). Bold = Wet CPs with a higher risk
of intensive precipitation, wi = winter half year (October to March), su
= summer half year (April to September). Investigation period from
1958 to 2001.

CP occurence wet-day amount wetness index number
[%] [mm/d] [-] of extremes [-]

CP wi su year wi su year wi su year wi su year
1 5.2 4.5 9.7 2.2 3.4 2.7 0.3 0.5 0.4 0 0.3 0.7
2 6.4 7.0 13.5 4.6 6.6 5.6 1.2 2.1 1.6 5.0 12.7 18.0
3 3.5 3.7 7.3 8.8 6.3 7.7 3.0 2.4 2.7 10.3 9.3 22.3
4 2.7 3.3 6.0 3.9 2.6 3.3 0.8 0.5 0.7 0 0 0
5 4.0 4.4 8.4 1.7 3.9 3.0 0.2 0.4 0.3 0 1.3 1.3
6 2.9 3.8 6.7 3.1 2.8 3.0 0.6 0.5 0.6 0.3 0.3 0.7
7 5.6 4.6 10.2 2.2 4.6 3.5 0.3 0.7 0.5 0 2.7 3.3
8 6.2 6.0 12.2 3.0 3.7 3.3 0.5 0.5 0.5 0.3 1.3 1.7
9 1.7 2.0 3.7 3.7 3.4 3.5 0.5 0.7 0.6 0 0.3 0.7
10 4.4 3.4 7.8 12.0 6.3 9.8 3.7 2.2 3.2 21.7 7.0 30.3
11 5.1 4.4 9.5 2.2 2.1 2.2 0.3 0.3 0.3 0.7 0 0.7
12 1.8 2.6 4.4 4.5 3.9 4.2 0.8 0.7 0.7 0.3 0.7 1.3
13 0.5 0.3 0.7 3.7 1.8 3.3 0.8 0.2 0.6 0 0 0

these basins, the optimized rules determined for the Rhine classification have been
taken as initial rules for the new optimization. The anomaly maps of the daily mean
sea level pressure of the Rhine and the Elbe classification are given in Figure 5.3 for
the three wettest and the driest CP. The maps illustrate that physically reasonable
CPs can be compiled by the fuzzy-rule based classification. For instance, CP 2
and CP 3 of the Rhine classification are characterized by low pressure over Central
Europe leading to intensive precipitation over the study region. On the other hand,
the driest CP (CP 5) of the Rhine classification is marked by high pressure north of
the British Isles which reduces the influence of the Prevailing Westerlies. Thus, dry
and cold air masses are transported from the north-east to the study region. On
the other hand, CP 10 is another typical constellation for intensive precipitation in
Western Germany which is extremely wet in winter. This CP is characterized by
low pressure over the North Sea and high pressure over North Africa which causes
a strong pressure gradient over West Europe so that wet air masses are transported
from the Northern Atlantic to Central Europe. This large-scale circulation pattern
usually dominates at the end of autumn and at the beginning of spring when the
influences of the Westerlies is strongest for Central Europe.

The anomaly maps for the Elbe basin illustrate that reasonable CPs can be also
determined for other basins in Germany as well. However, the maps of the wet CPs
(CP 5, CP 6 and CP 12) are quite similar to the wet CPs of the Rhine classification.
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CP 2 CP 3

CP 10CP 5

Rhine basin

W = 1.6 W = 2.7

W = 0.3 W = 3.2

CP 7 CP 12

CP 5 CP 6

Elbe basin

W = 2.0 

W = 1,8 

W = 2.4 

W = 0,2

Figure 5.3: Anomaly maps of the daily mean sea level pressure for the three wettest
and the driest CP determined for Rhine and Elbe basin. W = Wetness
index. Classification with precipitation.
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The classification for the Rhine catchments has been also tested for the Elbe and
Danube catchment (study region EG and SG) but the precipitation properties of
the CPs turn out to be not so appropriate for these catchments. The main reasons
for the moderate transferability of the Rhine classification are the climatological
differences between the study regions (see Section 3.1). Thus, the compilation of
further catalogs for the other two basins seems to be a reasonable exercise which
should also improve the detection of intensive precipitation.

Classification with discharge differences

The classification with discharge differences can also appropriately distinguish be-
tween dry and wet CPs (see Table 5.2) although the objective of the optimization
is the prediction of small discharge differences for gauging stations which are not
situated in the study region. The comparison of the statistical properties with the
previous CP-classification illustrates that the new classification can probably even
slightly better separate between dry and wet CPs. This classification has the dri-
est (CP 2) and the wettest circulation pattern (CP 5) in comparison to the other
classification. The investigations also illustrate that the detection of intensive pre-
cipitation is also possible. Around 90% of the extremes can be explained if all wet
CPs (CP 4, CP 5, CP 6, CP 7, CP 11 and CP 12) are used to trigger an alarm.
However, the occurrence frequency of the wet CPs is very high (around 40%) so that

Table 5.2: Statistical properties of the CPs classified for the Rhine basin and with
daily discharge differences. The average properties are shown for three
catchments (Nahe, Sieg and Prüm). Bold = Wet CPs with a high risk
of intensive precipitation, wi = winter half year (October to March), su
= summer half year (April to September). Investigation period from
1958 to 2001.

CP occurrence wet-day amount wetness index average number
[%] [mm/d] [-] of extremes [-]

CP wi su year wi su year wi su year wi su year
1 5.4 3.8 9.2 4.7 4.5 4.5 0.6 0.7 0.6 0.7 0.3 1.0
2 5.3 5.6 10.9 2.2 2.9 2.6 0.1 0.2 0.1 0 0.3 0.3
3 3.4 2.8 6.2 2.2 2.7 2.5 0.2 0.2 0.2 0 0 0
4 2.6 2.5 5.1 7.8 8.2 8.0 1.3 1.9 1.6 3.0 2.7 5.7
5 5.4 3.3 8.7 16.8 8.3 13.9 3.8 2.2 3.4 28.7 3.0 31.7
6 3 4.9 8 6.8 9.8 8.5 1.3 2.1 1.7 3.3 10.0 13.3
7 3.3 3.6 6.9 9.2 7.2 8.4 1.7 1.4 1.6 6.0 4.0 10.0
8 3.9 4.2 8 4.0 5.3 4.7 0.3 0.5 0.4 0.3 1.0 1.3
9 7.9 7.6 15.4 2.4 5.3 3.9 0.2 0.5 0.3 0.3 2.3 2.7
10 4.3 5.5 9.8 2.7 5.0 4.1 0.1 0.4 0.2 0 1.3 1.3
11 3.1 4.4 7.5 8.8 7.5 8.1 1.6 1.7 1.6 3.7 3.3 7.0
12 2.3 1.8 4.2 10.9 8.9 10.1 1.8 1.8 1.8 3.3 3.3 6.7
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many alarms are needed to hit a number of extremes. It is obvious that this kind
of warning strategy is not useful for users with high costs and low losses.

In the following section the relative value for both classifications is calculated to
investigate how skillful the detection of intensive precipitation is by the fuzzy-rule
based classification.

5.5 Forecast Skill and Value

5.5.1 Pure Classification

To perform a probability forecast of daily areal precipitation by a catalog of daily
CPs, the conditional empirical cumulative distribution is specified for a given CP.
Then, this function is used to provide a probability forecast of daily areal precipita-
tion for each day of the investigation period. Finally, the forecast performance of the
classification is evaluated by calculating the relative value proposed in Equation 4.18.
The decision thresholds needed for the calculation of the relative value are the quan-
tiles of the conditional empirical distribution function qt = [0.01, 0.02, ..., 0.99]. In
this section the score of the relative value is determined for both CP catalogs which
have been compiled for the Rhine basin.

The forecast value for both classifications is given in Figure 5.4 for two performance
measures, the maximum value and the user interval, in relation to the return fre-
quency of an event. A detailed explanation of the performance measures is given in
Section 4.7. The performance measures illustrate that the prediction of daily areal
precipitation is skillful over the entire range of the predictand for both classifica-
tions. However, the maximum forecast value is only slightly higher compared to the
low skill reference forecast for light precipitation (see Figure 5.4a and 5.4c). The
figures also show that the maximum forecast value rises with increasing precipitation
amount. Thus, the classification has a higher forecast performance for the detection
of rare events than for small events which is quite encouraging. However, the user
interval indicates that only users with low cost-loss ratios can profit from the model
predictions (see Figure 5.4b and 5.4d). These specific users can compensate for the
high number of false alarms due to their lower costs for protection.

The curve also illustrates that the model performance of both classifications only
differs marginally. For the investigation period, the classification with daily precip-
itation slightly outperforms the other optimization strategy for moderate and for
intensive precipitation (see Figures 5.4a and 5.4b). However, the performance of the
classification with daily precipitation decreases if the model is transferred to an in-
dependent data set (see Figures 5.4c and 5.4d). On the other hand, the performance
of the classification with discharge difference is more or less stable.

The duration of the calibration period might be a further factor which confirms
the higher model transferability if discharge differences are used for optimization
of the fuzzy rules. The calibration period for the classification with precipitation
is 20 years while for the second classification only ten years has been selected for
the model calibration. The design of downscaling approaches which need only a
small portion of the entire data set for a robust calibration is highly desirable and
might be a further argument for the formulation of an objective function based on
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discharge differences.

The results also illustrate that the CP-catalog compiled with discharge differences
slightly outperforms the other catalog for the validation period. Thus, the classifica-
tion of discharge differences has a higher performance for the detection of intensive
precipitation. Please note that the second catalog is not only suitable for the de-
tection of intensive precipitation. This classification is also probably more valuable
for the detection of floods since it has been primarily designed for the prediction of
daily discharge differences.

Finally, we can summarize that there are several indications that the use of small
discharge differences for the optimization of the fuzzy rules enhances the transfer-
ability of the fuzzy rule-based classification and its performance for the detection of
intensive precipitation.
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Figure 5.4: Forecast value of the classifications based on daily precipitation in
comparison to the classification with daily discharge differences for
the investigation period (1958 - 2001) and the validation period (1958
- 1979 and 2000 - 2001). Maximum forecast value Vmax (left) and
user interval Ui = [αmin;αmax] (right), study region WG, Rhine basin
(Ruhr, Sieg, Prüm and Nahe).
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5.5.2 Classification vs. Analog Forecasting

The precipitation forecast of the classification with daily discharge differences are
compared to the predictions of the analog algorithm based on the predictor set A
(GPH, UFLX and RHUM) and the model settings which are listed in the tables
of the previous chapter. The investigation period ranges from 1958 to 2001. The
comparison is performed for the catchments located in WG. Again, the relative value
is calculated for both approaches based on the decision thresholds of the previous
section.

The model performance of the classification in comparison to the analog method is
illustrated on the Figures 5.5a and 5.5b. Both performance measures, the maximum
value and the user interval, are clearly larger for the analog method than for the clas-
sification over the entire range of the predictand. Around 90% of the extremes can
be detected with both downscaling techniques if an appropriate decision threshold
is selected to trigger a warning (see Table 5.3). However, the false alarm rate of the
analog method is clearly lower compared to the classification method which strongly

(a) (b)

(c) (d)
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i
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U
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Figure 5.5: Forecast value of the analog method (AF) versus classification (CP).
Maximum forecast value Vmax (left) and user interval Ui = [αmin;αmax]
(right). Figure a and b: Forecast performance over the range of the
predictand. Figure c and d: Intra-annual variability of the forecast
performance. Rhine basin (Ruhr, Sieg, Prüm and Nahe). 1958 to
2001.
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Table 5.3: Binary outcomes of analog forecasting (AF) in comparison to the clas-
sification (CP). a = hit, b = false alarm, c = miss, d = correct rejec-
tion, HR = hit rate, FA = false alarm rate and pt = optimal decision
threshold. 1958 to 2001, Rhine basin (Ruhr, Sieg, Prüm and Nahe).
The average statistics are given for the three catchments.

catchment season a b c d HR FA pt
AF year 72.0 2622.3 9.5 13367.2 0.88 0.16 0.02

wi 39.0 577.0 2.0 7400.0 0.95 0.07 0.04
su 33.0 2045.3 7.5 5967.2 0.81 0.26 0.01

CP year 74.5 6432.5 7.0 9557 0.91 0.40 0.01
wi 38.5 3125.3 2.0 4852.2 0.95 0.39 0.01
su 36.0 3307.2 5.0 4704.8 0.88 0.41 0.01

increases the goodness of the model prediction of the analog algorithm. Further-
more, Figures 5.5c and 5.5d show that the analog method is also more suitable for
the detection of intensive precipitation during the entire year.

The investigation in this section illustrates that the model predictions of the analog
method are clearly superior compared to predictions of the fuzzy-rule based clas-
sification. However, this result can be expected since the analog algorithm uses
more information for the downscaling. Beside a pressure related variable also two
additional humidity related variables are selected for the detection of intensive pre-
cipitation. The analog method takes also a smaller predictor domain to focus more
on the atmospheric state over the study region. This kind of technique should also
improve the prediction of precipitation, since grid points located next to the study
region usually contain more information compared to grid points which are situated
far away from the region of interest.

Due to the lower model performance of the classification, the objective classification
seems to be not needed for the detection of intensive precipitation. However, this
statement is probably not true since there are still many reasons for the use of
objective classification in weather forecasting (see e.g. the arguments presented in
the beginning of this chapter).

A further reason for the use of the classification may be justified by considering
the following problem. The model performance of both approaches presented in
the chapter has been performed with reanalysis data. Thus, the investigation was
performed under the assumption that the large-scale information of the GCMs are
perfectly predicted. But it is obvious that this assumption doesn’t hold for op-
erational application when forecast data of a global NWP model are used for the
downscaling. In this case, the forecast performance of the global NWP model usu-
ally decreases with increasing lead time and especially for the prediction of humidity
related variables. Thus, for longer lead times only pressure related variables can be
used for the downscaling. Furthermore, it is also likely that the predictor domain
specified for the analog method in the reanalysis framework must be increased since
the atmospheric circulation of a small predictor domain is probably less reliably pre-
dicted by a GCMs compared to the circulation of a larger predictor domain. Thus,
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we can expect for longer lead times that the performance differences of both tech-
niques may decrease so that the fuzzy-rule based classification performs similar to
analog forecasting. To clarify this issue, the model performance of both downscaling
techniques must be determined with forecast data of a global NWP and for different
lead times in future investigations.

5.5.3 Conditional Forecast Value

We know from the previous section that the model performance strongly varies
throughout the season since the prediction of summer precipitation is poorer due
to high stochastic character of those events. However, the forecast performance
of a downscaling approach can also vary for different circulation patterns which
might effect the decision making process. To investigate this issue, the conditional
forecast value of the analog method is calculated for a given CP. To perform this
investigation, the Rhine classification with daily precipitation is grouped into four
categories: the three wettest CPs (CP 2, CP 3 and CP 10) and all corresponding
dry CPs which are merged into one group (CP dry). Then, the relative value of
the analog algorithm is calculated for the four groups based on the same settings
mentioned in the previous section.
The comparison of the maximum forecast value illustrates that the model perfor-
mance of the analog method strongly varies for the four groups (see Figure 5.6a).
The model predictions are the weakest for CP 2 and are the strongest for the dry
CPs for light and for intensive precipitation. This result seems to be less promising
since the model predictions of the analog method have a higher forecast value for dry
CPs than for wet CPs. Usually, a warning system should trigger valuable warnings
for wet patterns since those CPs have a high likelihood for intensive precipitation.
Even so, it is also crucial for the development of a warning system that the detection
of intensive precipitation is skillful for dry weather patterns.
We know from Section 4.7 that the predictions of the analog algorithm are valuable
for users with cost-loss ratios similar to the return frequency of an event. In the event
of this, the low-skill reference forecast (“no warning” and“warning”) are the weakest
and the model predictions of the analog method can be the strongest. However,
if the user interval is estimated for a given CP, the model predictions of analog
forecasting are the strongest for users with cost-loss ratios similar to the conditional
return frequency of a precipitation event (see Figure 5.6a) . If a dry CP occurs,
only those users can profit from the model predictions which are characterized by
low cost-loss ratios. In this case, the reference forecast “no warning” represents for
many users with high cost-loss ratios a suitable warning strategy due to the low
return frequency of extremes during dry CPs. As expected for a wet CP, the user
interval is shifted to higher cost-loss ratio due to the higher likelihood of intensive
precipitation. In the event of this, even users with moderate cost-loss ratios can
benefit from the model predictions. The investigation in this section demonstrates
that the model performance of analog forecasting depends on the circulation pattern
which also influences the decision making process. It means that the optimal use of
a probability forecast is dependent on the various criteria determined in Section 4.7
as well as on the large-scale weather pattern. Since an optimal decision making is
not straightforward due to a number of factors, future investigations should point
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Figure 5.6: Forecast value of analog forecasting for wet and dry CPs over the entire
range of the predictand. Maximum forecast value Vmax (left) and user
interval Ui = [αmin;αmax]. 1958 to 2001, Rhine basin (Ruhr, Sieg,
Prüm and Nahe). The average statistics are given for these catchments.

out the key factors to optimize the decision making process for the individual users.

The results presented in this section also illustrate a strategy of how to design a
warning system which provides valuable information for the general public. As men-
tioned in Section 2.2.5, the members of the general public are usually characterized
by a high cost-loss ratio since their willingness for protection is significantly reduced
if too many false alarms are triggered. To overcome this problem, risk categories
such as wet CPs must be specified which are marked by a high likelihood of inten-
sive precipitation. In this case, there might be a chance to provide valuable warning
information to users with high cost-loss ratios. Furthermore, the individual users
must be also divided into different groups with similar cost-loss ratios. Then, the
warning system should trigger only an alarm to these groups if there is a chance
to provide a valuable warning. A “chance” means in the framework of the simple
cost-loss approach that the mean cost-loss ratio of a certain user group should be
in the range of the conditional return frequency of the extreme event of a given risk
category.

The results in this section also illustrated that analog forecasting has the lowest
skill for CP 2. At the moment, the reasons for the low model performance have been
not investigated in detail. It is possible that the number of suitable analogs is less
compared to the other CPs. However, this pattern occurs more frequently compared
to other wet patterns so that this guess might be not true. The main reason for the
low model performance could be that many precipitation events occurred in summer
and that the forecasts for summer precipitation is usually poorer compared to winter
precipitation. To improve the model prediction for CP 2, the identification of more
suitable model settings of the analog approach might be worthwhile, since the model
performance is clearly lower for this CP compared to the other CPs.

101



CHAPTER 5. CLASSIFICATION

5.6 Summary and Conclusions

An objective classification method based on the concept of fuzzy rules was presented.
This technique was used to compile a catalog of daily CPs for the study region WG
located in the Rhine basin. It was demonstrated that physically reasonable CPs with
a high likelihood of intensive precipitation can be specified by the classification. We
also illustrated that reasonable CPs can be compiled for other basins in Germany.
Since the model transferability of the approach depends on the choice of the objec-
tive function, two different optimization strategies were compared for the prediction
of intensive precipitation. The first strategy takes an objective function which fo-
cuses on the prediction of daily areal precipitation. This strategy should represent
the intuitive choice of an investigator if the purpose of the classification is to link
daily precipitation to the large-scale atmospheric flow processes. For the second
optimization strategy an objective function was formulated for the prediction of
daily discharge differences. In comparison to the first strategy, this way has the
advantage that the assumptions for robust parameter estimation are probably less
violated, since the distribution function of daily discharge differences is less skewed
compared to daily precipitation. Both optimization strategies were used to compile
a classification for the Rhine basin.
The results indicated that the selection of daily discharge differences can enhance
the model transferability of the classification. We could demonstrate that the se-
lections of daily discharge differences can even slightly improve the detection of
precipitation over the entire range predictand. However, there are still further op-
tions for the formulation of an objective function based on daily areal precipitation
which might produce a more suitable classification. In the following chapter, some
optimization strategies for the downscaling of daily precipitation are proposed. It is
analyzed how the choice of the objective function affects the model transferability
for analog forecasting.
The evaluation of the forecast skill demonstrated that the predictions of the clas-
sification are valuable for the prediction of intensive areal precipitation. However,
a warning system based on the classification triggers many alarms so that the clas-
sification is less valuable in comparison to the analog method. Nevertheless, there
are still many reasons to apply a classification in operational weather forecasting.
For example, it was highlighted that the forecast performance of the analog method
varies for different large-scale circulation pattern and that the use of the circula-
tion pattern for the evaluation of the forecast performance can improve the decision
making process.
We can summarize that both, fuzzy-rule based classification and analog forecasting,
are suitable approaches for the detection of intensive precipitation in small rivers
basin in Germany. Finally, it seems to be promising to spend more time with
both techniques. For example, future studies can increase the number of circulation
patterns which might enhance the resolution of the precipitation predictions and the
detection of extremes. In the following chapter two ways are presented to improve
the analog method: (i) An optimization algorithm is presented to define a suitable
distance function for the selection of analogs; (ii) It is highlighted how large-scale
daily circulation patterns can be incorporated in the search algorithm to improve
the selection process of analogs.
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6 Metric Optimization

The performance of analog forecasting depends on several criteria which must be
selected by the investigator before starting the search algorithm (see Chapter 4).
Each criterion is related to a parameter set and the task of the investigator is to
define suitable values for the parameters, usually with the objective to minimize
the differences between model predictions and observations. Since a guideline for
supporting a decision is not available, the selection of suitable model parameters is
costly and a lot of experience is needed. The major problem for the definition of ap-

study region

Figure 6.1: Metric weights at each grid point of a predictor domain. Left: Uniform
selection of the weights representing the traditional way of analog fore-
casting. Right: Non-uniform selection of the weights with a symmetric
distribution.

propriate parameters is their non-linear interaction which influences the parameter
values of the previous choice if a stepwise calibration is performed. An investiga-
tor with much knowledge may point out the main sensitive parameters. However,
due to the number of possible parameter combinations, a suitable definition of the
parameter values is not straightforward.
Probably, one of the most time-consuming tasks in analog forecasting is the selec-
tion of an appropriate distance function. Usually, the investigator selects a distance
function where all grid points of a predictor domain have the same weight for the
comparison (see left graph of Figure 6.1). However, this guess is actually a poor
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choice. The investigator knows that grid points located next to the study region
should get a higher weight compared to grid points which are situated far away
because the information content of the predictor values is higher at those points. A
non-uniform selection of the weights is illustrated, for instance, in the right graph of
Figure 6.1. The closer the grid point is to the location of the study area, the larger is
the value of the weight. However, the best distribution of the weights is usually not
known so that a specification is not intuitive. To tackle this problem, we need an
optimization algorithm which calculates the values of the weights at each grid point.
This technique has the advantage that two criteria, (i) the distance function and
(ii) the predictor domain, can be specified without much effort and knowledge if the
investigator selects a large predictor domain and the algorithm identifies suitable
weights for the grid points.
There are only a few works which addressed the problem of determining an appro-
priate distance for the selection of analogs in the subfields of atmospheric sciences.
Fraedrich and Rückert (1998) proposed such a methodology by selecting the weighted
Euclidean distance for the optimization. This methodology was applied by Sievers
et al. (2000) and Fraedrich et al. (2003) to forecast tracks of tropical cyclones. The
selection of an appropriate metric function was also addressed in detail by Bárdossy
et al. (2005). They applied the methodology for the estimation of annual mean
discharge from catchment characteristics and for daily flood forecasting.

6.1 Methodology

For the definition of the metric weights, a suitable distance function, an optimization
algorithm and an objective function is needed. In the following sections a brief
description of these components is given.

6.1.1 Weighted Euclidean Distance

The weighted Euclidean distance is an appropriate distance function for the opti-
mization problem because this measure consists of a coefficient which can be used
to specify the weights. For the comparison of two atmospheric patterns x at time
step t1 and t2, this measure is defined as follows:

d[x(t1),x(t2)] =

(

K
∑

k=1

gk [xk(t1)− xk(t2)]
2

)

1

2

(6.1)

where gk is the metric coefficient of the k-th grid point P (i, j). K is the number of
grid points. The metric coefficient can be any positive value. If all coefficients are
identical with g1 = g2 = ... = gK , the weighted Euclidean distance is equal to the
Euclidean distance (see Equation 4.1).
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The function used for the calculation of the metric coefficient at a grid point P (i, j)
describes a symmetrical distribution of the weights similar to a Gaussian distribu-
tion. It is defined in the following way:

gk = e−
(i−µi)

2
+(j−µj)

2

2σ2 (6.2)

The coordinates i and j of the grid point P are relative values to express the distance
from the study region. If the coordinates are zero, the location of the grid point
is identical to the location of the study region. The parameter µi and µj are the
coordinates of the peak value Pmax(µi, µj) of the distribution. If µi and µj are zero,
the location of the peak value is identical to the location of the study region. The
parameter σ specifies the slope of the function which can be any positive value. The
larger σ is, the more similar are the metric coefficients. If σ tends to infinity, all
metric coefficients are uniform and the distance function is equal to the Euclidean
distance. If σ tends to zero, the coefficient at the point P (µi, µj) is one and the
coefficients at the surrounding points are zero. In this specific case, the calculation
of the distance function is only based on the predictor values at the peak location.

The distribution function proposed for the metric coefficients describes a two-
dimensional isotropic distribution with a single peak. However, the best distribution
of the metric coefficient is usually not known. It is very likely that the distribution
of the metric coefficient is anisotropic with more than one single peak. To create
a more flexible function, the metric coefficient of two or more functions, given in
Equation 6.2 above, must be summarized:

g∗k =
l=1
∑

L

gk,l (6.3)

where g∗k is the sum of the metric coefficients at grid point k and gk,l is the metric
coefficient of the l -th function at the same grid point. L is the number of functions
selected for the description of the spatial distribution equivalent to the number of
peaks. The number of peaks must be carefully selected since an increase of the peaks
is associated with an increase of the model parameters needed for the optimization.
For example, if a function with three peaks is selected, nine parameters (six loca-
tion parameters and three slope parameters) must be specified by the optimization
algorithm.

6.1.2 Simulated Annealing

An analytic solution of the mathematical problem needed for the estimation of the
metric coefficient is not possible. To find an approximate solution of this problem,
an optimization algorithm is needed. A trial and error procedure is not convenient
due to the large number of parameter combinations.

In this study a simulated annealing algorithm (Aarts and Korst, 1989) is selected.
The idea of this methodology comes from the annealing of metal. After the heating
of a material, a slow controlled cooling enables the atoms to find a low-energy state
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near their ground state. The cooling of the metal is controlled by the annealing tem-
perature. The slower is the decrease of the temperature, the higher is the chance
for finding a low-energy state though the process of annealing takes longer. In the
case of a mathematical optimization problem, the model parameters represent the
metal atoms and the model performance the energy state of the material. In con-
trast to other optimization techniques, like the gradient-descent or the hill climbing
algorithm, simulated annealing allows an uphill movement of a parameter to leave a
local minimum. Finally, a parameter set can be identified that is near to the optimal
parameter set.
To determine suitable weights by the simulated annealing algorithm, the following
steps have to be performed:

1. The number of distributions functions J , the initial values for the parameters
µi = {µi,1, ..., µi,J}, µj = {µj,1, ..., µj,J}, σ = {σ1, ..., σJ} and the annealing
temperature Ta are randomly chosen.

2. A small change is randomly introduced to one element of µ∗

i , µ
∗

j or σ∗.

3. The weighted Euclidean distance is computed to identify the most similar
analogs for all forecast days of a given training period.

4. The objective function obj∗ is calculated.

5. If the objective function obj∗ < obj, the change is accepted and µi = µ
∗

i ,
µj = µ

∗

j , σ = σ
∗ and obj = obj∗. Otherwise the change is accepted with a

probability p = e−( obj−obj∗

Ta
) and µi = µ

∗

i , µj = µ
∗

j , σ = σ
∗ and obj = obj∗.

6. Steps 2 to 5 are repeated k-times.

7. The optimization is repeated l-times (steps 2 to 6) by decreasing the annealing
temperature with Ta = Ta ∗ dt with a constant value dt ranging between
0.9 < dt < 1.

The search space is restricted for µi and µj to an interval between [-10◦; 10◦] in
both directions. The values are given in relative coordinates to express the distance
to the target region. The search interval for σ is between [0.2; 5]. As the initial
guess, a symmetrical distribution is selected where the location of the peak value is
identical to the location of the study region (µi = 0◦, µj = 0◦ and σ = 2).

6.1.3 Objective Function

It was illustrated in Section 5.3.2 that the choice of the objective function affects
the goodness of the model transferability to an independent data set. To analyze
this issue for the search algorithm, four optimization strategies are proposed in this
investigation:

• Intensive precipitation: The mean Brier skill score (Equation 2.10) is
calculated for daily areal precipitation events with a low return frequency:
s1 = 0.025, s2 = 0.010, s3 = 0.005.
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• Light precipitation: The mean Brier skill score is calculated for daily areal
precipitation events with a high return frequency: s1 = 0.35, s2 = 0.30, s3 =
0.20).

• Small discharge differences: An indicator time series of small discharge dif-
ferences is taken to determine the objective function proposed in Equation 6.4.

• Small and high positive discharge differences: A weighted mixture of
two indicator time series based on small and large positive discharge differences
is taken for the optimization (see Equation 6.5).

The optimization strategy “intensive precipitation” should represent the intuitive
choice of an investigator because he would like to maximize the forecast perfor-
mance of the analog method for precipitation extremes. However, it is very likely
that this optimization strategy is not an appropriate choice, since the distribution
function of daily areal precipitation is highly skewed which can lead to a bias in the
parameter estimation (for a more detailed discussion see Section 5.3.2). To reduce
this negative effect, the time series of daily precipitation is converted to a binary
time series. Finally, the mean Brier skill score is calculated for events with low
occurrence frequencies to focus on extremes. Even so, a symmetric distribution of
the indicator time series can be only derived if the relative frequency of the zeros
(dry days) and the ones (wet days) is nearly the same. The selection of a high
precipitation threshold for the transformation of the absolute values leads again to
an indicator time series with a skewed distribution.
The optimization strategy “light precipitation” also uses an indicator time series
of daily areal precipitation. This strategy focuses on days with no precipitation and
low precipitation amounts. If the model predictions are accurate for dry days, the
algorithm can well separate dry from wet situations. If a suitable discrimination for
those days is possible, the inverse case, e.g. the separation of wet from dry situations,
might be enhanced so that finally the model predictions would be improved for
intensive precipitation.
The latter two optimization strategies use an objective function based on an indi-
cator time series derived from daily discharge differences. The selection of discharge
differences for the optimization of the model parameters has several advantages
which are discussed in detail in Section 5.3.2. However, the third and fourth ob-
jective functions are slightly different to the functions proposed in Section 5.3.2.
The value of these objective functions are determined by calculating the differences
between predictions and observation based on seasonal properties for each CP. In
this investigation the differences between model predictions and observations are
calculated on a day-by-day basis.
In the case of the optimization strategy “small discharge differences”, the objective
function is defined in the following way:

obj3 =
1

nst

1

n

nst
∑

l=1

n
∑

t=1

[f̄b(t)− ob(t)]
2 (6.4)

where f̄ b(t) is the mean indicator value of the most similar analogs and ob(t) is the
indicator value of the observation to the same time. nst is the number of gauging
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stations selected for the optimization. The transformation of the observed time se-
ries to the indicator time series is analog to the procedure proposed in Equation 5.5.
The objective function of the fourth optimization strategy obj4 is a weighted mixture
of two objective functions:

obj4 = w1
1

nst

1

n

nst
∑

l=1

n
∑

t=1

[f̄ b(t)− ob(t)]
2 + w2

1

nst

1

n

nst
∑

l=1

n
∑

t=1

[f̄ ∗

b(t)− o∗b(t)]
2 (6.5)

where f̄ ∗

b(t) and o∗b(t) have the same meaning as the variables of the aforementioned
equation, except they are the corresponding values for the indicator time series of the
high positive discharge differences. The weights w1 and w2 can be used to balance
between both terms. The conversion of the daily positive discharge differences to
the indicator time series is performed for the entire time series. The discharge values
above the value of the 90%-quantile are transformed to 1. The rest of the discharge
information is converted to zero.

6.2 Model Development and Validation Strategy

The study is performed for the catchments located in the study region WG (see
Chapter 3). The predictor is the 1000 hPa height field at 18 UTC derived from the
NCEP/NCAR-reanalysis data set. The data resolution of the predictor is reduced
from 2.5 x 2.5◦ to 5.0 x 5.0◦ to save time for the optimization. Usually, a data reduc-
tion should be avoided, but the loss of information is negligible for variables with a
high spatial dependence like the geopotential height (see the following section).

The initial predictor domain of the height field for the optimization with precipita-
tion covers an area which ranges from 35.0◦ N to 65.0◦ N and from 12.5◦ W to 22.5◦

E. To calculate the Brier skill score, the daily areal precipitation of the catchments
located in the study region WG are selected. For the optimization with the daily
discharge differences, a slightly larger height field was selected (32.5◦ N to 67.5◦ N
and 10◦ W to 25◦ E). The indicator time series of the small discharge differences is
calculated from the daily discharge series of six Rhine gauging stations. They are
located around 200 kilometers south of the target region. The indicator time series
of positive discharge differences is taken from a single gauging station located in the
Nahe catchment.

Since all gauging stations are mainly situated at the catchment outlet, the concen-
tration time of the catchments must be considered. This means that an appropriate
observation time for a predictor must be selected. In the case of the geopotential
height a suitable observation time is -30 UTC. Thus, a time lag of around two days
is used to take into account the concentration time of the river basins.

The model transferability of the approach is tested by dividing the investigation
period into a training (1961 to 1995) and a validation set (1958 to 1960 and 1996 to
2001). For the training period a leave-one-out cross-validation is performed. This
approach is equivalent to the validation technique described in Section 4.5. However,
the leave-one-out cross-validation technique is an optimistic validation strategy for
the model development since every day a recalibration is performed. Nonetheless,
if a model becomes operational, it usually runs for a certain forecast period (e.g.
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one year) without any recalibration. Consequently, the predictions can be only
performed with past weather situations. To describe this strategy of the model
development in a more suitable way, the model settings determined for the training
period by the cross-validation technique are transferred to an independent data set
used for the validation.
The selection process of analogs is also restricted to ±3 months centered on the
target day. The window length is 180 days. The number of analogs is 30. To
evaluate the skill of the methodology, the model performance is compared to three
reference algorithms:

• EDs: An algorithm with the Euclidean distance and a small predictor domain
(10◦ x 10◦) which is centered on the target region (50◦ x 7.5◦). This algorithm
has a uniform distribution of the weights.

• EDl: An algorithm with the Euclidean distance and a large predictor domain
(20◦ x 20◦) which is centered on the target region (50◦ x 7.5◦). This algorithm
has also a uniform distribution of the weights.

• WEDs: An algorithm with a weighted Euclidean distance which is based on
a symmetric distribution with µj = 0◦, µj = 0◦ and σ = 2 equal to the initial
guess of the optimization.

The further settings (e.g. the selection rule and the number of the most similar
neighbors) of the reference algorithms are equivalent to the new algorithm.

6.3 Results

6.3.1 Air Flow Indices and Data Resolution

Probably, the most important step of the model development is the selection of an
appropriate predictor. The 1000 hPa height field at 18 UTC is a suitable predictor
to explain daily precipitation from 6 UTC to 6 UTC of the following day (see
Section 4.6.1). In this section the height field is taken to calculate the height anomaly
(GPHa) and two air flow indices: the zonal flow velocity (UGPH) and the resulting
geostrophic flow strengths (TGPH). To determine the model performance of each
predictor over the entire range of the predictand, the mean Brier skill score of the
reference algorithms (EDs, EDl and WED) is calculated for different precipitation
thresholds.
The skill of the resampling algorithm is in general quite similar for the vari-
ous predictors which is shown in Figure 6.2a but the geopotential height and the
height anomaly slightly outperform the other predictors for light and for mod-
erate precipitation. The relative differences of the Brier skill scores ∆BSS =
(1 − BSS/BSSref ) ∗ 100 between the new predictors (GPHa, UGPH and TGPH)
and the height field are illustrated in Figure 6.2b. A positive value indicates a
model improvement due to the selection of a new predictor and negative value a
model worsening. The algorithms based on the height field slightly outperform the
algorithm with the height anomaly and the air flow indices for intensive precipita-
tion. This result indicates that the height field is probably one of the most suitable
pressure related variables for the prediction of daily precipitation.
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Figure 6.2: Figure a and b: Performance of the analog method for different pres-
sure and moisture related variables. Figure c and d: Performance
of analog forecasting for high-resolution and low-resolution reanaly-
sis data. GPH = geopotential height, UFLX = zonal moisture flux,
UGPH = zonal flow velocity, TGPH = geostrophic flow strengths,
GPHa = height anomaly. Period from 1960 - 2000. Study region WG
and MG.

The model performance of the analog method also depends on the spatial res-
olution of the predictor information. It is often assumed that the selection of a
high-resolution data set outperforms low-resolution information in statistical fore-
casting. To investigate this question, the mean model performance of the reference
algorithms is calculated for three predictors based on the low-resolution data (5◦ x
5◦) illustrated in Figure 6.2c. The model performance of the resampling algorithms
with the low resolution information indicates a suitable skill for the prediction of
precipitation for all predictors.

In Figure 6.2d the performance of the algorithms is compared to the model perfor-
mance of the same algorithms which is based on the original reanalysis information
in 2.5◦. The selection of the information with a higher resolution outperforms the
other strategy for each predictor. However, it is questionable, whether the small
improvement for the height field is significant. This result indicates that an increase
of the data resolution has only a minor effect on the forecast performance of the
algorithm based on a predictor with a low spatial variability. The influence on the
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performance is clearly larger for variables with a higher variability such as the zonal
moisture flux or the air flow indices, especially for extremes.

6.3.2 Optimization Performance and Metric Weights

The performance of the optimization algorithm is given for three parameterization
schemes in Figure 6.3 for the strategy “intensive precipitation”. The curves illus-
trate that the model performance can be increased for all three parameterizations
compared to the initial guess. However, the selection of the highest parameteri-
zation scheme with five peaks is slightly inferior compared to a parameterization
scheme with three peaks. This result shows that there are an optimal number of
parameters needed for the description of the metric coefficients. In this example,
a distribution function with three peaks and nine parameters is already a suitable
parameterization scheme for the approximation of the metric weights. There is still
a further possibility to reduce the number of parameters which might describe the
non-uniform distribution of the metric coefficients in a suitable way. A direct con-
sideration of the anisotropy in Equation 6.2 would only require two more parameters
so that only five parameters must be estimated.
The metric coefficients of this parameterization scheme are given as standardized

Figure 6.3: Optimization strategy for “intensive precipitation”: The value of the
objective function for three parameterizations schemes in relation to
the annealing temperature. 1 = distribution function with a single
peak, 3 = distribution functions with three peaks, 5 = distribution
functions with five peaks.
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(a) intensive precipitation (b) light precipitation

(c) small discharge changes (d) small and high positive 
discharge changes

Figure 6.4: Calculated metric coefficients at each grid point for four optimization
strategies.

112



6.3. RESULTS

(d) small and high positive 
discharge changes

(a) intensive precipitation

(c) small discharge changes

(b) light precipitation

Figure 6.5: Contour map of metric coefficients for four optimization strategies in-
terpolated from the values given in Figure 6.4. The dot marks the
center of the study region. The crosses of the upper right map indicate
the locations of the peaks for the selected parameterization scheme.
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weights in Figure 6.4a for each grid point and in Figure 6.5a as contour plot. The
contour plot indicates that the predictor domain can be clearly specified by the
optimization algorithm. However, the predictor domain seems to be less reliable
since the domain is quite small and the spatial distribution of the metric coefficient
is characterized by a peak which is situated to the east of the catchments. The
standardized metric coefficients illustrate that only a small number of grid points
are needed to explain intensive daily precipitation for the study region.
The predictor domain of the height field specified by the second objective function
(“light precipitation”) seems to be more reliable (see Figure 6.4b and Figure 6.5b).
The predictor domain is larger and grid points that are located to the southwest
of the study region are marked by a high weight. The crosses on the contour plot
illustrate the peak location of the five distribution functions selected for the approx-
imation of the metric weights. Unfortunately, this result shows an over parameter-
ization because four peaks are centered next to the study region. The selection of
a parameterization scheme with fewer peaks (e.g. two or three) reduces the over-
parameterization. Such a parameterization scheme is probably as valuable for the
description of the metric coefficients as a scheme with more parameters.
The predictor domains determined by the discharge differences are illustrated in
Figure 6.4c and Figure 6.5c. Both domains are clearly larger compared to the previ-
ous domains. Usually, small discharge differences mark dry periods which are often
characterized by high pressure over the study region. Since the spatial extension of
high pressure systems is larger compared to low pressure systems, a larger predic-
tor domain should be also needed for an adequate description of the atmospheric
state on those days. Probably, the most reliable predictor domain is the domain
specified with small and high positive flow changes (Figure 6.4d and Figure 6.5d).
This domain is clearly larger compared to the others and the highest weights are
obtained at grid points which are located to southwest of the catchments. Usually,
south-westerly fluxes are warmer and can transport more moisture to the study re-
gion than northerly or westerly fluxes. This result also coincides with the outcomes
listed in Section 4.6.2 where the domain center of the height field was southwest of
the catchments.

6.3.3 Forecast Accuracy and Value

The model performance of the algorithm based on the optimization strategy “intensive
precipitation” is illustrated for the training period in Figure 6.6. The performance
of the model predictions based on the optimized weights is not as good on days with
light precipitation compared to the reference algorithms. However, for moderate and
intensive precipitation, the optimized model outperforms the reference algorithms.
In Figure 6.7a the model performance of the optimized algorithms is compared to
the mean model performance of the reference algorithms by calculating the relative
differences between the Brier skill scores. The lines characterize the model per-
formance of the training period for the four optimization strategies. The model
predictions based on the optimized weights outperform the predictions of the refer-
ence algorithms, particularly for the extremes. The performance of the model based
on the optimization strategy “intensive precipitation” is the strongest. Interestingly,
if the optimized models are transferred from the training period to the validation
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return frequency [1/d]

Figure 6.6: Forecast accuracy of analog forecasting based on the optimized coeffi-
cients (optim) in comparison to the reference algorithms (WEDs, EDs,
EDl), training period.

period (see Figure 6.7b), the performance of the optimization strategy “intensive
precipitation” becomes the poorest for the prediction of rare events. This strategy
is even poorer as the baseline. On the other hand, the optimization strategy “small
and high positive discharge differences” clearly outperforms the reference algorithms
over the entire range of the predictand which indicates that the metric coefficients
are suitably estimated. The second optimization strategy “light precipitation” also
performs acceptably for the validation period. However, this optimization strategy
seems to be less reliable for the prediction of intensive precipitation. The model per-
formance is only known for smaller extremes due to the shorter validation period.
The performance also decreases for the prediction of the largest extremes during the
training period.

In Figure 6.6 the model performance of the analog method is compared to the
low-skill reference forecast (which is the climatological average for the Brier skill
score). The curves illustrate a high model performance for light precipitation but
a poor performance for the extremes. However, a low accuracy of the model pre-
dictions must not correspond to a low forecast value. This problem is illustrated in
Figure 6.8. Here, the maximum forecast value and the user interval (see Section 4.7)
of the algorithm with optimized weights is compared to the mean scores of the ref-
erence algorithms. Both performance measures illustrate a high forecast value over
the entire range of the predictand and in particular for the extremes. These data
also illustrate that the algorithm based on the optimized weights outperforms the
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(b) validation period

return frequency [1/d]

(a) training period

return frequency [1/d]

Figure 6.7: Model performance of analog forecasting in comparison to the mean
performance of the reference algorithm for the training and validation
period.
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training period
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return frequency [1/d]

Figure 6.8: Forecast value of analog forecasting with optimized metric weights (op-
tim) in comparison to an algorithm with a poor distribution of weights
(reference). Figure a: Maximum forecast value Vmax. Figure b: User
interval Ui, training period and validation period.
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reference algorithms for both performance measures. However, the increase of the
forecast value is negligible so that negative outcomes (the number of false alarms
and misses) of a warning system are only slightly decreased by the new algorithm.

6.3.4 Selection Rule

In Section 4.6.5 the selection process of the analogs is restricted by a moving window
to account the intra-annual variability of the predictand and to accelerate the search
process. However, it could be also useful to introduce CPs into the search process. In
this case, the algorithm would only select analogs which occur in the same (similar)
season and which belong to the same (similar) CP.

To investigate this issue, the data is separated into various subsets according to
the rules given in Figure 6.9. At first, the entire information is divided into three
different ways (no separation, the winter and summer half-year and the season) to
take into account the intra-annual variability. Then, this information is again subdi-
vided to incorporate the CP-variability. For the subdivision, the CP-catalog of the
Rhine classification is selected which, itself, was determined by the daily discharge
differences (see Table 5.2). This classification is then divided by the wetness index
W either in two groups (wet 2: “dry CPs” with W < 1; “wet CPs” with a W > 1)
or into four groups (wet 4: “very dry”: CP 2, CP 3 and CP 10; “dry”: CP 1, CP
9 and CP 8; “wet”: CP 4, CP 7 and CP 11; “very wet”: CP 5, CP 6 and CP 12).
The number of subsets for each rule is denoted by the values in the parenthesis in
Figure 6.9. For example, the sixth rule divides the data into eight subsets.

Figure 6.9: Subdivision of the data to account the intra-annual variability and the
CP-variability in the selection process. The number of subsets of each
rule is indicated by the number in the parenthesis.
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2 3 4 5 6 7 8 9

Figure 6.10: The influence of the selection rule on the model performance in com-
parison to an algorithm without any restriction (rule 1). The number
indicates the identifier of the rule.

The investigation is performed with the analog algorithm based on the optimized
metric weights determined by the optimization strategy “small and high positive
discharge differences”. The model performance of the algorithm is evaluated with
the mean Brier skill score. It is calculated for an investigation period ranging from
1960 to 2001 and for catchments located in WG and MG. The Brier skill score is de-
termined for three precipitation categories defined by the following event thresholds:
light precipitation s = [0.60, 0.70, 0.80], moderate precipitation s = [0.85, 0.90, 0.95]
and intensive precipitation s = [0.98, 0.99, 0.995]. The model predictions are com-
pared to the reference algorithm without any restriction (rule 1) by calculating the
relative differences between the Brier skill scores.

The influence of the selection rule is illustrated in Figure 6.10 which shows that the
second, the fourth and the fifth rule are probably the most suitable rules because
the prediction of intensive precipitation can be increased without decreasing too
much the skill for smaller events. A comparison of the rules indicates that the CP-
variability seems to be as important as the intra-annual variability since the model
performance slightly increases for intensive precipitation when CPs are introduced
in the search process (see e.g. rule 2 and compare rule 4 to rule 5). However, the
selection of more than eight categories (e.g. rule 6 or 8) clearly reduces the model
performance for the prediction of light and moderate precipitation. Note that this
investigation has been also repeated with all CPs for the subdivision but, for this
configuration, the model performance is clearly poorer.

The investigation illustrates that the CP-variability should be taken into account
to accelerate the search process and to improve the prediction for intensive precipi-
tation. In addition, the results showed that the model performance is only slightly
higher than the performance of an algorithm without any CP information. However,
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there are still several ways to advance the selection process of the analogs. For in-
stance, we can use a moving window to account for the intra-annual variability such
as that shown in Section 4.6.5 and for the CP-variability. The selection of a moving
window smoothes out the intersection between the different categories and should
improve the prediction for those days which are in the transition zone between two
categories.

6.4 Summary and Conclusions

The performance of analog forecasting depends on several criteria which must be
specified by an investigator. The task of the investigator is to define suitable param-
eter values for the different criteria in order to allow for high model transferability
and to maximize the prediction performance. However, a suitable selection of these
criteria is time-consuming since a guideline for supporting a decision is not available.
To tackle this problem, we presented an optimization algorithm in this chapter that
can be used to define an appropriate distance function for the selection of analogs.

The methodology was tested for the prediction of daily areal precipitation for small
river basins located in the Rhine basin (study region WG). We illustrated that the
investigator must carefully select the objective function, otherwise the model trans-
ferability of the approach is poor. The intuitive choice of an objective function that
focuses on the prediction of intensive precipitation is less promising. Therefore, an
alternative way was proposed that is similar to the optimization strategy proposed
in the previous chapter for the classification. This strategy focuses on the predic-
tion of small discharge differences and high positive discharge differences. It was
highlighted that this strategy is a suitable optimization strategy. It allowed for the
determination of an appropriate distance function. Furthermore, a comparison of
the new approach to the traditional way of analog forecasting illustrated that the
prediction of intensive precipitation can be even improved by the new technique over
the entire range of the predictand.

We can summarize that the optimization algorithm has a high potential to replace
the costly manual calibration. A user with less knowledge can even obtain similar
results as an investigator with much more experience. The optimization algorithm
also presents a prototype of a methodology which enables an automated recalibra-
tion of the model parameters of an operational model. The methodology is not
restricted to the prediction of daily areal precipitation. It can be also applied for
the downscaling of other surface variables, such as daily temperature or daily wind
speed.

There are still many aspects that need to be addressed in future studies. In this
investigation the methodology was tested for the definition of an appropriate dis-
tance function for a pressure related variable, the geopotential height. We know,
however, that the selection of further predictors can improve the prediction of inten-
sive precipitation. In this respect, the optimization algorithm should be advanced so
that further predictors, such as the moisture flux, can be used for the downscaling.
This means also that future studies should find a way to define a suitable distance
functions for large-scale information with a higher spatial resolution. The metric
optimization performed in this chapter was done only on a 5◦ grid. Even though,
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this could be carried out at a higher resolution using the readily available reanalysis
information.
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7 Data Depth

It is obvious that weather states which cause long-lasting large-area precipitation are
unusual. They are often characterized by low pressure, a strong pressure gradient
and a high moisture flux over the region of interest and by a slow movement of
a low pressure system. In analog forecasting such weather states are identified by
comparing the unusual weather state with all observed states to identify a subset of
similar ones. In other words, this methodology performs a state-by-state comparison
which is especially useful if many similar situations have been observed so that a
suitable set of analogs can be identified for a particular forecast day. Unfortunately,
unusual weather situations are rare events. In this case, it can be possible that only
a limited number of appropriate analogs can be identified. For example, if a new
weather situation develops over Central Europe in the future due to climate change,
it could be even possible that this situation is not identified as an unusual state
since no suitable analog has been observed so far.
In this chapter a further concept for the identification of rare weather states is
proposed which might overcome the aforementioned problem. Instead of a direct
comparison of two weather states, the centrality of a weather state using the concept
of the data depth is measured. The closer a weather state is to the center, the higher
the data depth becomes. If the actual state is identical to the center, the data depth
is maximal and the state represents a usual weather state. Unusual weather states
are indicated by low data depths.
The idea of measuring the centrality of a weather state seems to be a very reason-
able concept for the downscaling since we know that extremes at the local scale are
often caused by anomalies of the atmosphere. The data cloud of the daily height
anomalies at two grid points which are located west and east to the study region
WG (for a description of the study region see Chapter 3) are shown in Figure 7.1a.
Pairs situated near the boundary of the data cloud are unusual atmospheric states.
We know that those situations can cause local extremes. For instance, pairs with
strong negative height anomalies indicate days with low pressure over the study
region which are often characterized by a higher likelihood of intensive precipita-
tion (Figure 7.1b). Data pairs with strong positive anomalies can be linked to high
pressure which is usually a suitable indicator for good weather, while data pairs
with strong positive and negative anomalies describe atmospheric states with high
pressure gradient which can also correspond to a higher likelihood of intensive pre-
cipitation. This is especially for those days when the atmospheric state over the
study region is characterized by strong westerly pressure gradients. In this event,
wet air masses can be transported from the Atlantic Ocean to Europe.
The aforementioned example illustrates that the centrality of a weather state seems
to be a suitable indicator for the identification of local extremes. Apparently, this
kind of technique has been not used for the downscaling of local surface variables
so far. Thus, the performance of this approach for the prediction of intensive pre-
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cipitation is not known. To shed some light on this new downscaling technique, the
following points are investigated in this chapter in more detail:

1. The functionality of a data depth function is illustrated for an independent and
dependent standard normal distributed data set to identify unusual weather
states.

2. The data depth is determined for the geopotential height and zonal moisture
flux anomalies for each day of the investigation period to describe the actual
state of the atmosphere over the study region. Then, a catalog of daily cir-
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Figure 7.1: Scatter plot of the time series of daily height anomalies at two grid
points close to the study region for two precipitation (P) categories.
Grid point 1: 50.0◦ N and 5◦ E. Grid point 2: 50.0◦ N and 10◦ E.
Investigation period from 1958 to 2001.
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7.1. HOW CAN WE MEASURE THE CENTRALITY OF A WEATHER STATE?

culation patterns (CP) is selected to distinguish between dry and wet days.
Afterwards, the conditional precipitation probability for a given data depth is
determined for each CP.

3. An index is proposed to describe in a suitable way the risk of a given weather
state for intensive precipitation.

4. The relative value of the downscaling approach is calculated to determine
the model performance for the detection of intensive daily areal precipitation.
Finally, the model performance of this approach is compared to the analog
method.

In the previous chapters the performance of the downscaling approaches has been
analyzed for the detection of intensive precipitation in head catchments and small
tributaries (AE ≈ 1000 to 4000 km2) of the major rivers in Germany. In this
chapter the catchment scale is increased to evaluate the model performance for
larger catchments such as the main tributaries of the major rivers in Germany, in
this case the Main or the Neckar. Their catchment size ranges between 10000 and
40000 km2. The increase of the catchment size has the effect that the influence of
small-scale convective precipitation events is reduced and the model performance
of the approach is skewed towards precipitation events which are mainly caused
by large-scale atmospheric anomalies. As illustrated briefly at the beginning of
Chapter 5, the river floods in Central Europe were primarily caused by large-scale
weather phenomena in the last two decades.
In the following section the depth function selected in this study is proposed and
its functionality is tested with two examples.

7.1 How Can We Measure the Centrality of a

Weather State?

There are many functions to measure the centrality for a data point of a multivariate
distribution. All of these functions might be suitable depth functions for the selec-
tion of unusual weather states. An overview of data depth function can be found
in Liu et al. (1999). The major reason for the variety of depth functions is that the
definition of the centrality of a point is not intuitive for a multivariate distribution.
For example, there are already several concepts which are used to measure the cen-
trality of a data point for a univariate distribution such as arithmetic mean, median
or α-trimmed mean.
The most commonly used data depth function is probably the half-space depth pro-
posed by Tukey (1975). Recently, Bárdossy and Singh (2008) selected this measure
to develop a robust parameter estimation algorithm for hydrological modeling.
In this investigation the L1-depth is selected, since the value of this function is easy
to specify for a multivariate distribution in comparison to other depth functions.
The L1-depth function forms thereby an appropriate starting point to investigate
the performance of the function for the detection of precipitation extremes.
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The L1-depth of an atmospheric state described by a predictor x(t0) = (x1, x2, ..., xK)
with K dimensions at time t0 of a data set X = [x(t1),x(t2), ...,x(tN)] with N time
steps can be calculated as follows (Vardi and Zhang, 2000):

L1[x(t0)] = 1− |
N
∑

i=1

fi
x(t0)− x(ti)

|x(t0)− x(ti))|
| (7.1)

fi is the weight of an atmospheric state. The sum of all weights is one. Like other
depth functions, the values of the L1-depth ranges between zero and 1. The closer
is the atmospheric state to the center, the higher the L1-depth.

r = 0.92

r ~ 0 (a)

(b)

Figure 7.2: Figure a: Data cloud of two independent variables. Figure b: Data
cloud of two dependent variables. Height anomalies. Grid point 1:
50.0◦ N and 5◦ E. Grid point 2: 50.0◦ N and 10◦ E. Investigation
period from 1958 to 2001. r = Pearson correlation coefficient.
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For the calculation of the data depth, the atmospheric states are divided into four
subsets according to the seasons to take into account the intra-annual variability of
the downscaling process. It should be taken into account that the data depth of
a particular state is only calculated based on the states of the same subset. If we
express this formulation in terms of the weights given in Equation 7.1, the weight
of all atmospheric states which belong to the same subset of the state of interest is
1, while the weight is zero for all other states.

The functionality of the L1-depth is illustrated in Figure 7.2a for two independent
standard normal distributed variables. The scatter plot shows the depths of all
data pairs for five data depth categories (“very high”, “high”, “moderate”, “low”
and “very low”). The L1-depth only designates those pairs as extremes which are
located far away from the origin. Those pairs are indicated in Figure 7.2a by black
dots. However, pressure related variables like height anomalies have a high spatial
dependence. In this case, the time series of two pressure related variables which are
located at grid points close to a study region are not independent and the resulting
data cloud is elliptical (Figure 7.2b). In the event of this, the L1-depth can only
identify those atmospheric states as unusual situations when high negative or high
positive anomalies occur to the same time at both grid points. Pairs with strong
pressure gradients are not indicated as extremes. These pairs have only a low data
depth although they are situated near the boundary of the data cloud. Actually,
they represent unusual states which could also cause intensive precipitation over
a study region (see Figure 7.1b). This examples illustrates that the L1-depth is
for certain cases not a suitable indicator for unusual situations. To overcome this
problem, future studies should test further depth functions like the half space depth
which might improve the selection of unusual atmospheric states.

7.2 Applications

The investigation is performed for the study region WG and MG (see Chapter 3)
by selecting the anomalies of the 1000 hPa height field (GPHa) and the 700 hPa
zonal moisture flux field (UFLXa) at 18 UTC. The absolute values of both variables
are suitable predictors for intensive precipitation, already demonstrated for analog
forecasting in Chapter 4.

To point out an adequate dimension for the calculation of the depth, a preliminary
investigation has been performed. The results of this investigation indicated that
only a few grid points (< 15) are needed. In this investigation a small quadratic
predictor domain with nine grid points serves as first guess. The predictor domain
is centered over the study region. It ranges from 47.5◦ S to 52.5◦ N and from 5.0◦ E
to 10.0◦ E. The investigation period is from 1958 to 2001.

To analyze the model performance for precipitation extremes which may cause
severe inundations in river basins which are an order of magnitude larger compared
to the selected subbasins, the daily areal precipitation of the catchments located
in MG and WG is averaged for each day of the investigation period. In this case,
the influence of convective precipitation events is reduced and the verification of
the downscaling approach focuses more on precipitation events which occur in both
study regions at the same time.
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Figure 7.3: Data depth of the height anomaly in relation to daily areal precipita-
tion extremes (circle = wet CPs, triangle = dry CPs). Mean daily areal
precipitation of the catchments located in WG and MG. Investigation
period from 1958 to 2001.

The data depth of the height anomalies for the 80 largest precipitation events in the
study regions WG and MG is presented in Figure 7.3. The example illustrates that
in many cases a low depth of the height anomalies can be measured if an intensive
precipitation event occurs. Thus, there might be a relationship between data depth
and intensive precipitation. The data pairs are also marked by triangles and circles
to distinguish between precipitation extremes that have occurred either during a wet
or dry CP. For the subdivision of the extremes, the Rhine classification presented in
Table 5.2 of Chapter 5 was selected . It shows the high performance of the fuzzy-rule
based classification for the detection of large-scale precipitation extremes since only
three smaller extremes occur during a dry CP.

7.3 Precipitation Probability and Risk Index

The precipitation probability conditioned on the data depth of the height anomaly
and the moisture flux anomaly are given in Figure 7.4 for an event which is larger
than 2 mm/d. It describes that the conditional probability rises with decreasing
data depth for both predictors; the relationship between data depth and precip-
itation probability is only moderate for both predictors. This result is actually
not surprising since the L1-depth identifies all weather states with low and high
height anomalies over the study region as extremes, as illustrated in the example
of Figure 7.2b. In this case, the extremes are a mixture of very dry and very wet
situations. The relationship between data depth and precipitation probability is
slightly stronger for the moisture flux since strong negative as well as strong posi-
tive anomalies denotes weather states with a high moisture flux either from west or
from east.
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Figure 7.4: Precipitation probability conditioned on the data depth of the height
anomalies (GPHa) and the zonal moisture flux anomalies (UFLXa).

To separate the mixture of unusual weather states, the CP-catalog compiled by
the fuzzy-rule based classification is selected. For the classification the same CP-
catalog is selected in the same manner as in the previous section. The influence
of the classification is illustrated in Figure 7.5 for two circulation patterns: the
wettest (CP 5) and the driest (CP 2). The gray dots in the background of the figure
illustrate the pairs of all weather states. Due to the classification, many pairs with
high positive anomalies belong to the driest CP while pairs with negative anomalies
belong to the wettest pattern. If the conditional probabilities are calculated for the
states of both patterns, the relationship between precipitation probability and data
depth is stronger for both predictors compared to the relationship without any CP
information. The precipitation probability rises with decreasing data depth for the
wettest CP while for the driest pattern the effect is complimentary (Figure 7.6a).
The precipitation probability of the wet pattern is approximately 90 % for very low
depths, whereas for the dry CP the probability tends to zero for the same depth.
Thus, a suitable identification of weather states with a high and low precipitation
probability seems to be possible on the proviso that both classification and data
depth is used for the downscaling.

In Chapter 5, the precipitation characteristics of a CP were described by the wet-
ness index. It was illustrated that CPs with a high wetness can be used to identify
many extremes so that this index seems to be a suitable indicator for CPs with a
high risk of intensive precipitation. In this section a further precipitation index, the
risk index Ri , is proposed to describe the risk of a given atmospheric state for inten-
sive precipitation. The idea of this index is similar to the wetness index. This risk
index relates the conditional occurrence frequency si,l for a given weather state i to
the climatological frequency of a precipitation extreme sl based on a corresponding
threshold l:
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Figure 7.5: Scatter plot of the time series of daily height anomalies of two grid
points close to the study region for the wettest (CP 5) and driest
circulation pattern (CP 2). Grid point 1: 50.0◦ N and 5◦ E. Grid point
2: 50.0◦ N and 10◦ E. Investigation period from 1958 to 2001.

Ri =
1/(1− si,l)

1/(1− sl)
(7.2)

Thus, the risk index is a measure that describes the risk of intensive precipitation
of a certain weather state. This risk index can range between zero and infinity. The
larger the index is the higher is the risk for intensive precipitation. If the index
is equal to one, the risk of intensive precipitation is identical to the climatological
mean. A risk index close to zero indicates a weather state with a very low risk of
intensive precipitation.
Murphy (1991) noted that the risk index is also known as the odds ratio since the

conditional odds 1/(1− si,l) are related to the climatological odds 1/(1− sl). Since
precipitation probabilities are extremely small for rare events, it is very likely that
the risk for extremes is underestimated by a decision maker. In particular in the case
if the decision maker has less experience with forecast probabilities. To overcome
this problem, the risk index is a suitable way to express the risk of a given weather
state for intensive precipitation. A more detailed description of this problem is also
given in Section 8.4.
In this investigation, the risk index is calculated for nine categories of the data
depth conditioned again on CP 2 and CP 5 of the Rhine classification (Figure 7.6c
and 7.6d). Thus, a certain weather state is described by its CP and its data depth
information, calculated either from the height anomalies or the moisture flux anoma-
lies. Here, the risk index is given for precipitation event which exceeds a threshold
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of 15 mm/d. The corresponding occurrence frequency of the event is 2 %. The
information in the Figure 7.6c and 7.6d illustrates that for the wet pattern the risk
clearly rises if the data depth decreases. The risk is highest for the lowest category of
the moisture flux, since the atmospheric state is characterized by a high zonal mois-
ture flux over the study region. While for the dry pattern, the risk index is clearly
smaller compared to the wet pattern. The risk index is even smaller compared to
the climatological risk which indicates a low likelihood for intensive precipitation.
The probability for an intensive precipitation event is smallest for very low data
depth of the height anomaly. In this instance, the atmosphere is characterized by
high positive height anomaly. This is usually linked to suitable weather conditions
over the study region.

The risk index and further statistical properties are also listed in Table 7.1 for all
CPs of the Rhine classification for the data depth of the moisture flux anomaly.
The risk for intensive precipitation is very high on days with a wet CP and very low
data depth. Thus, the selection of the classification and the data depth information
allows for a clear identification of weather states with a high likelihood of intensive
precipitation and for the determination of weather states with a low likelihood. If a
decision maker takes all categories with a risk index being larger than one to trigger

(b) moisture flux(a) geopotential height 

(c) geopotential height (d) moisture flux

Figure 7.6: Conditional precipitation probability and risk index for the wettest
(CP 5) and the driest circulation pattern (CP 2) of the Rhine classifi-
cation.
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Table 7.1: Risk index, number of extremes and relative frequency of nine data
depth categories conditioned on 12 CPs. Rhine classification with 12
CPs. Investigation period from 1958 - 2001. WG and MG. 1000 hPa
height field (GPHa) and the 700 hPa zonal moisture flux field (UFLXa)
at 18 UTC.

risk index [-]

depth 1 2 3 4 5 6 7 8 9 10 11 12
0.1 0.6 0.8 0.5 11.9 70.4 31.3 11.6 0.6 1.5 0.5 7.5 27.2
0.2 0.9 0.6 0.9 6.0 24.8 4.5 4.7 0.9 0.5 0.5 1.3 3.1
0.3 1.3 0.3 0.4 1.8 7.8 2.9 1.8 0.4 0.4 0.7 1.8 0.5
0.4 2.2 0.2 0.4 0.4 4.0 1.6 0.7 0.3 0.1 0.3 0.3 1.6
0.5 0.2 0.2 0.3 0.7 2.2 0.6 0.7 0.3 0.1 0.4 0.3 0.5
0.6 0.2 0.2 0.3 0.8 0.5 1.8 0.3 0.2 0.1 0.2 0.5 0.8
0.7 0.2 0.2 0.5 1.1 0.3 1.7 0.3 0.3 0.2 0.2 0.4 0.9
0.8 0.3 0.2 0.5 0.7 0.7 0.3 0.5 0.3 0.2 0.3 0.5 1.1
0.9 0.6 0.4 0.9 1.5 0.5 0.4 0.7 0.4 0.5 0.4 0.5 1.1

number of extremes [-]

depth 1 2 3 4 5 6 7 8 9 10 11 12
0.1 0 0 0 3 32 6 4 0 1 0 5 11
0.2 0 0 0 4 18 2 3 0 0 0 1 2
0.3 1 0 0 2 11 3 2 0 1 1 3 0
0.4 4 0 0 0 6 2 1 0 0 0 0 2
0.5 0 0 0 1 4 1 1 0 0 1 0 0
0.6 0 0 0 1 1 4 0 0 0 0 1 0
0.7 0 0 0 1 0 3 0 0 0 0 0 0
0.8 0 0 0 0 1 0 0 0 1 0 0 0
0.9 0 0 0 0 0 0 0 0 0 0 0 0

relative frequency [%]

depth 1 2 3 4 5 6 7 8 9 10 11 12
0.1 0.1 0.2 0.2 0.2 0.5 0.2 0.2 0.3 0.5 0.3 0.5 0.3
0.2 0.1 0.5 0.4 0.5 0.6 0.3 0.4 0.4 0.7 0.6 0.5 0.4
0.3 0.5 1.1 0.8 0.8 1.0 0.7 0.7 0.8 1.5 0.9 1.1 0.7
0.4 1.2 1.4 0.9 0.8 1.0 0.8 1.0 1.0 2.2 1.0 1.2 0.8
0.5 1.7 1.8 1.1 0.9 1.2 1.1 1.0 1.2 2.4 1.5 1.1 0.6
0.6 2.1 1.9 1.1 0.8 1.4 1.5 1.2 1.3 3.1 1.7 1.2 0.4
0.7 1.7 1.5 0.7 0.6 1.2 1.1 1.1 1.1 2.1 1.5 0.9 0.4
0.8 1.2 1.4 0.6 0.5 1.0 1.2 0.7 1.0 1.6 1.2 0.6 0.3
0.9 0.6 1.1 0.5 0.2 0.9 1.0 0.6 0.9 1.6 1.1 0.4 0.1
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an alarm, he would be in the position to detect around 90 % of the extremes with an
alarm rate of roughly 16 %. The maximum relative value of this warning strategy
can be estimated by the Peirce’s skill score which is the hit rate minus the false
alarm rate (see Section 2.2.4). For the estimation of this score we can assume that
the false alarm rate is equal to the alarm rate. In this case, the maximum value of
the conditional downscaling approach is around 0.74. This forecast value indicates
a high model performance for the detection of intensive precipitation events which
affect both study regions in the Rhine basin to the same time. In the following
section, the forecast value of the approach is determined over the entire range of
the predictand and for the different users of the warning system. Furthermore, the
approach is compared to the analog method.

7.4 Forecast Value

The downscaling skill of the approach is estimated by the relative value proposed
in Equation 4.21 to evaluate the predictions for warning situations. The forecast
probabilities for each day of the investigation period are calculated in the following
way: At first, the 50-nearest data depths are determined from the entire subset of
data depths of a CP identical to the pattern of the day of interest. Then, the corre-
sponding precipitation values of this subset are taken to estimate the parameters of
the mixed-exponential distribution (see Section 4.4). The decision thresholds needed
for the calculation of the forecast value are the percentiles of the mixed-exponential
distribution. To estimate the skill of the prediction over the entire range of the
predictand, the forecast value is calculated for the following occurrence frequencies
s = [0.70, 0.80, 0.90, 0.95, 0.975, 0.99, 0.995].

The maximum forecast value for the approach is illustrated in Figure 7.7a. It is
compared to the forecast value of the analog method presented in Chapter 4. The
maximum forecast value of the conditional downscaling approach is positive over
the entire range of the predictand. The skill of the prediction is highest for intensive
precipitation which indicates a suitable performance for the detection of intensive
precipitation. However, in comparison to the analog method, the prediction of
the conditional approach is less valuable which is indicated by both performance
measures, the maximum forecast value and the user interval (Figure 7.7b).

Nevertheless, the results presented in this chapter are quite encouraging for the
new downscaling technique since there are still many possibilities to improve this
approach for the prediction of intensive precipitation. For example, the conditional
approach only uses the moisture flux for the description of the atmospheric state
over the study region as information, while the analog method selects the same
information but also the geopotential height and the relative humidity. Thus, the
integration of further large-scale predictors for the description of the atmospheric
state over the study region could enhance the prediction for intensive precipitation.
Furthermore, the identification of suitable parameters for the data depth approach
could also improve the downscaling. In this investigation only a short preliminary
investigation was performed to point out a suitable predictor domain for the height
and the moisture flux anomalies.
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7.5. SUMMARY AND CONCLUSIONS

be determined for a given circulation pattern. To describe the risk of a particular
weather state, we used a risk index which relates the conditional occurrence fre-
quency of an event to its climatological average. It was illustrated that the data
depth conditioned on CPs allowed for the determination of weather states with high
risk of intensive precipitation. The evaluation of the model performance for warning
situations demonstrated that the predictions of the new downscaling technique have
a high forecast value for the detection of intensive precipitation. The approach is
nearly as efficient as the analog method.
Finally, we can summarize that the selection of the data depth conditioned on
circulation patterns is also a valuable approach for the detection of intensive pre-
cipitation. An enhancement of this technique in future investigations would be
worthwhile.
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8 Operational Application

In the previous chapter the forecast performance of statistical downscaling tech-
niques was evaluated with reanalysis information. Thus, the model performace was
evaluated for past events under the assumptions that the large-scale atmospheric
predictions of a global NWP model are perfect. To determine the performance
of downscaling techniques with real time forecast information, a prototype of a
probabilistic precipitation forecast system (PPFS) has been developed during this
investigation. This forecast system transfers the outcomes of the Global Forecast
System (GFS; NCEP, 2003) of the US National Center of Environmental Predic-
tions (NCEP) to the local scale to estimate the forecast uncertainty of daily areal
precipitation for small river basins in Germany.

The integral parts of the PPFS are a data assimilation system, a postprocessor and
a statistical precipitation prediction model. The data assimilation system downloads
the GFS predictions from the NCEP server and converts the forecasts into the format
needed for the downscaling. The postprocessor visualizes the forecasts and collects
all relevant observations and forecasts in a data archive. The key downscaling tech-
niques of the statistical precipitation model are the fuzzy rule-based classification
and the analog method. The classification is used to compile a time series of daily
circulation patterns to identify days with a high risk of intensive precipitation for
the forecast horizon of interest. The role of the search algorithm is to produce a
probability forecast of daily areal precipitation for the basin of interest.

In this chapter the current status of the operational system is briefly described.
At first, the model history of the PPFS is summarized to illustrate that a forecast
system is continuously enhanced so that the structure of those systems must be
flexible in respect to future advancements. Afterwards, the GFS and the main
components of the PPFS are described in more detail. In the last section, an example
of a probabilistic precipitation forecast is given for an event which caused partially
severe inundation in southwest Germany in November 2007. The predictions for
this event are also used to illustrate the case of a decision maker who, by using the
forecast probabilities alone, might have underestimated that risk of this event.

8.1 Model History

The first prototype of the PPFS became operationally in February 2005. This
system produced a probabilistic short-range forecast of daily precipitation for several
precipitation stations around Stuttgart. The predictions were performed by an
analog algorithm based on a weighted mixture of two Lp-distances (Equation 4.2)
to describe the closeness and the similarity between two 1000 hPa height fields. In
August 2006, a second predictor, the 700 hPa height field, was integrated into the
downscaling process and the predictions were also performed for the catchments of
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the study region WG (see Table 3.1 and Figure 3.1).
A major revision of the forecast system started in January 2008 when the out-
put format of the GFS forecast was changed from GRIB1 to GRIB2. The existing
conversion programs of the data assimilation system were not able to read the new
output format so that these program components had to be replaced by some new
tools. This provided the opportunity to upgrade the data archive of the assimilation
system to include the relevant forecast information of the PPFS and the GFS in suit-
able manner for subsequent analysis. Besides the enhancement of the assimilation
system, the prediction model was also refined by the fuzzy rule-based classification.
The preparation of the classification for the operational use was performed by Chris-
tian Ebert. Additionally, the predictions of the analog method were extended for
the catchments of the study region MG, SG and EG.
In Summer 2008, the latest version of the PPFS became operationally. Nowadays,
the forecast system is running four times a day at 5, 11, 17 and 23 UTC to produce
a short-range probabilistic precipitation forecast for all catchments proposed in this
study and to compile daily circulation patterns for the Upper Danube basin. Please
note that continuous time series of the PPFS predictions are not available due to
the number of upgrades made during the development of the forecast system.

8.2 Global Forecast System

The Global Forecast System is probably the most established global NWP model. A
detailed description of the current status of the system seems to be not available due
to the continuous advancements. The version of the forecast system from 2003 is
briefly proposed in NCEP (2003) which also gives a detailed overview about many
references describing the subsequent development of the forecast system over the
last two decades (see e.g. Kanamitsu, 1989). An overview about the latest model
changes is given in (NCEP, 2009b).
The current version of the GFS is running every six hour at 0, 6, 12 and 18 UTC to
produce forecasts for the next two weeks. Since the GFS predictions are performed
by two model versions, the resolution of GFS outcomes decreases over the lead time.
The first model component produces predictions for the first week with a temporal
resolution of three hours and a spatial resolution of 0.5 x 0.5◦, while the second part
of the model is running in a slightly sparser resolution to provide 12-hourly forecasts
in a spatial resolution of 2.5 x 2.5◦.

8.3 Probabilistic Precipitation Forecast System

8.3.1 Data Assimilation System and Postprocessor

The data flow of the GFS predictions through the assimilation system developed
during this investigation is illustrated in Figure 8.1.
The data assimilation begins with the download of the GFS forecasts via anony-
mous ftp from the NCEP server NCEP (2009c) where the forecast information is
stored into GRIB2 files. An overview about the inventory of these files is listed
in NCEP (2008). This documentation shows that all forecast variables are stored
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Figure 8.1: Data flow of the GFS forecasts through the assimilation system.

139



CHAPTER 8. OPERATIONAL APPLICATION

display CPs and 
precipitation forecast

send 
reports

classifi-
cation

analog
method GFS

GFSCPP

collect and store
forecast information

E

DATA POSTPROCESSOR

email

display CPs and 
precipitation forecast

send 
reports

classifi-
cation

analog
method GFS

classifi-
cation

analog
method GFS

GFSCPP

collect and store
forecast information

E

DATA POSTPROCESSOR

email

Figure 8.2: Data flow of the forecast information through the postprocessor, CP
= prediction of the classification, GFS = GFS prediction, E = error
reports, P = prediction of analog forecasting.

in a single data file for a particular forecast time step. At the moment, the entire
forecast information of the GFS of a given forecast time step is downloaded from
the server before the data preparation for the downscaling can begin. The three-
hourly predictions of the first week are available in the standard resolution and in a
slightly coarser resolution (1 x 1◦). The assimilation system downloads the forecast
information with the coarser resolution for twelve forecast time steps (6, 12, ..., 72
fh).

After the download of the GFS predictions, the binary forecast information is
extracted and converted to an ASCII format. The conversion is performed by a
program routine based on the python module pygrib2 which is freely available. A
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brief user documentation of the python program and some references about GRIB2
is given by Whitaker (2009). The conversion of the GFS forecasts are performed
for five pressure level variables, the geopotential height (GPH), the u-wind and
v-wind component (UWND, VWND), the relative humidity (RHUM) and the air
temperature (TEMP), taken from four atmospheric pressure levels (1000, 850, 700
and 500 hPa). Apart from the conversion of the pressure level variables, two surface
variables, the mean sea level pressure (MSLP) and the precipitation (PREC) are
also extracted from the original GRIB2 information. The domain of the window
used for the conversion covers the eastern part of the North Atlantic Ocean and
Europe. The domain ranges between 40◦ W to 40◦ E and 25◦ N to 75◦ N.
The last step of the data processing is the preparation of the predictors needed for
the downscaling. At first, the resolution of the large-scale information is reduced
from 1 x 1◦ to 2.5 x 2.5◦ to make the forecasts consistent with the reanalysis infor-
mation. Please note that in contrast to the NCEP/NCAR reanalysis data, the GFS
predictions contain no information about the specific humidity. To overcome this
problem, the relative humidity and the air temperature are used for the calculation
of this variable. The meridional and the zonal moisture flux (VFLX, UFLX) are
determined by multiplying the specific humidity with the corresponding wind com-
ponent. Finally, the anomalies of the mean sea level pressure (MSLPa) are calculated
(Equation 3.2) and the geopotential height and the moisture fluxes are standardized
(GPHn, UFLXn, VFLXn) to an interval between zero and one (Equation 3.1).
The postprocessor collects and saves the relevant forecast information of the PPFS
and GFS into an data archive (see Figure 8.2). Due to the large data amount which
is downloaded four times a day (180 MB) from the NCEP server, only the large-scale
information needed for the downscaling is collected. This amount of data is around
90 % smaller compared to the original amount. Apart from the forecast archive, the
postprocessor consists of an observation archive with the NCEP/NCAR reanalysis
and the precipitation information. A further task of the prostprocessor is to visualize
the forecasts and to send this information to end users by email.

8.3.2 Statistical Precipitation Prediction Model

The statistical techniques for the precipitation prediction model are the analog
method (Chapter 4) and fuzzy rule-based classification (Chapter 5). The predictions
of the search algorithm are performed for all catchments selected in this investiga-
tion and for several precipitation stations around Stuttgart. The predictors are the
height field and the zonal moisture flux field based on the model settings presented
in Chapter 4 in Tab. 4.1 and 4.3. The fuzzy rule-based classification compiles a time
series of daily circulation patterns for the Upper Danube basin in Germany. Both
downscaling techniques are used to perform a forecast for three days.
The forecast cycle of the PPFS is illustrated for the resampling algorithm in Fig-
ure 8.3. To perform the predictions, the forecast information of the latest GFS
model run is selected by the PPFS. For example, the model run at 5 UTC uses the
forecast information of the GFS model run initialized at 0 UTC. It is important to
mention that the GFS needs at least three hours to produce the first forecast infor-
mation and to store it on the data server. This means that the entire information
needed for the downscaling by the PPFS is soonest available four hours after the
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intializing model run e.g. at around 4 UTC for the model run at 0 UTC. Thus,
there is still a time delay of one hour before the assimilation system of the PPFS
begins to download the GFS predictions.

The PPFS model run at 5 UTC produces probability forecasts for the time interval
from 6 to 6 UTC of the next day for all forecast days. For the first forecast day, the
predictors are the 700 hPa zonal moisture flux field at 18 fh and the 1000 hPa height
field at 24 fh. They are compared to the corresponding reanalysis information at 18
and 24 UTC. The time information of the GFS predictions is given in forecast time
measured in hours (fh) since the intialization. To predict the daily areal precipitation
for the second and the third forecast day, the same forecast information is taken
except that it has a temporal offset of 24 and 48 fh, respectively.

The further model runs of the PPFS at 11, 17 and 23 UTC use the GFS predictions
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Figure 8.3: Predictor information needed to perform a three day forecast by the
resampling algorithm for the model runs of the PPFS at 5, 11, 17 and
23 UTC.
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Probabilistic quantitative precipitation forecast for the Upper Sieg

0 - 24 fh 24 - 48 fh 48 - 72 fh

Precipitation amount [mm/d]:

10%-quantil:            1.6             0.0                           0.0

median:  5.0             0.2             0.0             

90%-quantil:           19.3           4.2             2.8             

Forecast probabilities [%]:

<2 mm/d: 18              76              88             

2-10 mm/d:           54              24              12              

10-20 mm/d:             18               0               0              

>20 mm/d:             10                         0               0 

Figure 8.4: An example of a probabilistic precipitation forecast sent to some IWS
members on each day by email, 6th - 8th October 2006. The time
interval of the daily precipition is here from 12 to 12 UTC.

from the corresponding second, third or fourth model run initialized at 6, 12 or 18
UTC. To perform a three day forecast, the same predictor information is used for
these model runs. Only the time interval of the predicted daily areal precipitation is
changed for each model run. The second model run at 11 UTC uses a time interval
from 12 to 12 UTC while predictions of the third and the fourth model runs are
based on a time interval from 18 to 18 UTC and 0 to 0 UTC, respectively.
An entire run of the forecast system takes around 25 minutes with a standard
personal computer. The predictions are therefore available at 5:25, 11:25, 17:25 and
23:25 UTC. The total time needed for the download of the GFS predictions and
the predictor preparation is at least 20 minutes, while the prediction by the analog
method and the classification only take a few minutes.
Finally, the forecast information of the prediction model is visualized and can be
sent to an end user via email. A sketch of the probabilistic precipitation forecast
of the analog method sent daily to several members of the IWS is presented in
Figure 8.4.

8.4 Probabilistic Quantitative Precipitation Forecast

The PPFS predictions have been performed on around 60 % of the days since the first
model version became operational in February 2005. One of the largest precipitation
events that occurred during this test period was the event caused by the Kyrill storm
on 18th January 2007. The uncertainty of the precipitation forecast for this event
is indicated by the 10 % and 90 %-quantile in Figure 8.5 for the Blies catchment.
The forecasts are compared to the mean observed daily areal precipitation of this
catchment. Here, the forecast uncertainty of the analog method is given for the

143



CHAPTER 8. OPERATIONAL APPLICATION

third forecast day (lead time from 48 to 72 fh).

The figure illustrates that the search algorithm can suitably distinguish between
dry and wet days even for the third forecast day since the predicted precipitation
probabilitiy is clearly smaller on days with dry or light precipitation than the precip-
iation probabilitiy on days with moderate or intensive precipitation. For example,
for days with no rain or light precipitation, around 80 % of the precipitation real-
izations are below 2 mm/d. While for the extreme, more than 90 % of the forecast
realizations exceed this threshold. Furthermore, the visualization of the probability
forecast illustrates that the confidence interval of the forecast can enclose all ob-
servations. Thus, the PPFS seems to provide a suitable estimate of the predictive
uncertainty of daily areal precipitation for the selected forecast period.

The forecast example also highlights that there is a tremendous degree of uncer-
tainty regarding the forecast of extreme precipitation. Approximately 80 % of the
precipitation realizations are between 5 and 35 mm/d. In this case, it is obvious that
many decision makers argue that a fast and valuable decision cannot be performed
due to the high forecast uncertainty. To overcome this limitation, the cost-loss ap-
proach proposed in Section 2.2.5 must be selected to point out a suitable quantile
and to optimize the decision making process for those situations. This example also
illustrates that the ensemble mean is not a suitable indicator to estimate the precip-
itation amount for the storm event and the selection of a higher quantile provides
more suitable warning information for this event.

The PPFS has been also designed to be an element of a warning system. This
system should give a suitable forecast information for various warning levels so
that the decision maker can use this information to trigger an alarm. This means
also that the forecast probabilities must be predicted for a given warning level.
Unfortunately, the probabilities of these thresholds are small, in particular in this
case that the predictions are performed for levels of the highest warning category.
In this case, it is possible that the risk is underestimated by a decision maker (for
further discussion see Murphy, 1991). This problem will be illustrated in more detail
in the following example.

The forecast probabilities for a precipitation event exceeding a warning level of 20
mm/d are illustrated for the storm event in Figure 8.5b. The forecast probabilities
are small for the day even when intensive precipitation occurred. Only 25 % of
the precipitation realizations are above this warning level. However, the forecast
probabilities determined for this warning level correspond to an event with a high
return period (around six times a year) but the forecast probabilities for higher
warning levels are even smaller. Thus, the forecast probabilities might not be high
enough for a decision maker with less experience to recognize that an extreme event
is indicated by the forecast system. To overcome this problem, the decision maker
must compare the forecast probabilities to the climatological occurrence frequency
of the event to which the warning level corresponds to. This comparison can be
performed by the risk index described in Equation 7.2. For the storm event, the
risk index for the given warning level is around 15 times larger in comparison to the
mean climatology (Figure 8.5c). This information should alert a decision maker to
observe this event in more detail in order to decide finally between protective action
or no action.

This example demonstrates that the risk index can simplify the interpretation of
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the forecast probabilities for the prediction of rare events. Besides the formula-
tion of forecast probabilities, the risk index should also play a major role in the
interpretation of the output information of warning system.

8.5 Summary

In this chapter a prototype of a probabilistic precipitation forecast system (PPFS)
was proposed which was developed during this investigation. This forecast system
uses the large-scale information of the GFS to perform a probabilistic forecast of
daily areal precipitation for the river basin selected in this investigation for up to
three days. The PPFS also produces a times series of daily circulation patterns for
the identification of days with a high risk of intensive precipitation for the same
forecast horizon.
The integral parts of the forecast system are the data assimilation system, the post-
processor and the statistical precipitation prediction model. The data assimilation
system collects and prepares the large-scale information of the GFS needed for the
downscaling. Afterwards, the large-scale information is transferred by the statistical
precipitation prediction model into forecasts for the local scale. The key downscal-
ing techniques of the statistical prediction model are the analog method and the
fuzzy rule-based classification. After compiling the predictions, the postprocessor
visualize the forecast information which can be sent via email to a potential user.
The PPFS was tested with forecast information over the last few years. In this
investigation the precipitation forecast of the operational system was illustrated for
one extreme event, the storm event Kyrill which caused partially severe inundation
in southwest Germany in January 2007. The visualization of the precipitation fore-
cast for the third day demonstrated that the forecast system can provide suitable
information about the forecast uncertainty of daily areal precipitation. The selection
of the risk index illustrated that days with a high risk of intensive precipitation can
be indicated in a suitable way so that the prediction model is in a position to pro-
vide adequate warning information for rare precipitation events. Since the forecast
probabilities for those events are small, the calculation of the risk index is a suitable
technique to illustrate the risk for the prediction of rare event. This technique is in
particular useful if the decision maker has less experience with probabilistic precip-
itation forecasts and should play a crucial role alongside the formulation of forecast
probabilites.
In the near future, the forecast horizon of the PPFS will be extended so that
the uncertainty of the precipitation forecast can be described for up to seven days.
Additionally, a simulation model will be installed to disaggregate the daily infor-
mation into precipitation fields with a high spatiotemporal resolution. Afterwards,
the precipitation information will be equivalent to the resolution of the distributed
hydrological model which is running at the flood forecasting center of the LUWG.
Finally, the PPFS will be implemented and tested by the members of the forecasting
center for real world situations.
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(a)

(b)

(c)

Figure 8.5: Probabilistic quantitative forecast of daily areal precipitation for the
Blies by the analog method. Figure a: Forecast uncertainty. Figure
b: Forecast probabilities for an event exeeding a warning level of 20
mm/d. Figure c: Risk index for the same event. Lead time from 48 to
72 fh. Kyrill storm event in January 2007.
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9 Summary and Conclusion

An adequate estimation of the predictive uncertainty for precipitation is the basic
prerequisite for the development of an accurate and valuable flood forecasting system
for small river basins in temperate zone. The primary goal of this investigation was
the development of a prediction model that can be used to produce a probabilistic
forecast of daily areal precipitation to estimate the uncertainty of the precipitation
forecast for small river basins in Germany.
The integral parts of this model are the techniques of statistical downscaling. These
techniques establish a transfer function between the outcomes of a global NWP
model and the surface variable of interest to translate the large-scale information
to the local scale. The key downscaling technique of this investigation was the
analog method. It is a straightforward and valuable approach for the estimation of
the predictive uncertainty for local surface variables. The main component of the
analog method is an automatic search algorithm to identify past weather states that
are similar (analog) to the forecast one.
The study was performed in several medium-sized catchments located in the Elbe,
Danube and Rhine basins in Germany. These catchments are typical mountainous
and alpine subbasins of the major rivers in Germany with large height differences
and short concentration time (< 24 h) during a flood event. To define suitable
model parameters for the analog method, the catchments were divided into four
study areas according to their catchment characteristics. The parameter estimation
was performed with reanalysis information so that the goodness of a forecasting
technique can be evaluated over a long investigation period (more than 40 years)
with simulation output from a general circulation model. Since the precipitation
model is designed to be an element of a flood warning system, the performance of
the downscaling process was determined for warning situations. The comparison
with low-skill reference forecasts demonstrated that the analog method can provide
suitable warning information for the detection of intensive precipitation.
It was also demonstrated that the skill of the analog method is affected by several
criteria which must be defined by an investigator before starting the search algo-
rithm. Since a guideline for an appropriate selection of these criteria is not available
and only a few studies have selected so far the analog method for downscaling daily
precipitation in Germany, comprehensive model sensitivity was performed to point
out the most sensitive criteria. The model parameters were determined for two
suitable predictor sets which were chosen to estimate the uncertainty of the pre-
cipitation forecast for short-term and medium-term projections. Finally, the model
settings were listed for each study region in detail. Future investigations can use
this information to advance the downscaling process for these regions in Germany.
To demonstrate the capability of the statistical downscaling technique for real sit-
uations, a prototype of a probabilistic precipitation forecast system was developed.
This forecast system uses the outcomes of the global NWP model of the Amer-
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ican weather service to provide a short-term probabilistic forecast of daily areal
precipitation for the catchments selected in this investigation. In the near future,
the spatiotemporal resolution of the forecast system will be extended to meet the
requirements of the distributed hydrological prediction model of a regional flood
forecasting centre. Finally, the precipitation model will be implemented at the flood
forecasting centre to test the model for decision making in real world situations.

9.1 Some Answers to the Research Questions

Apart from the design and the development of the precipitation model, four research
questions were proposed and addressed in this study. Since we had little experience
with the precipitation forecast of dynamical and statistical downscaling, the follow-
ing question arose at the beginning of this investigation:

How accurate is the forecast of daily areal precipitation for small

river basins in Germany, in particular for flood producing situations?

To answer this question, an example of a deterministic precipitation forecast from a
limited area model was presented. This is the most commonly used at the regional
flood forecasting centers in Germany. The comparison with observations illustrated
the low accuracy of the deterministic forecast so that in many cases either a false
alarm is given or the event is missed. This result coincides with the experiences of
many decision makers. They often have mentioned that a deterministic precipitation
forecast is not accurate enough to develop a reliable flood prediction model.
We also analyzed the precipitation forecast of a mesoscale ensemble prediction
model which transfers a selected number of global ensembles through a limited area
model. This model provides a high-resolved ensemble forecast for Central Europe
which can be used to estimate the forecast uncertainty of local surface variables for
up to five days. It was illustrated that the confidence interval of the forecast can en-
close many observations so that suitable information about the forecast uncertainty
can be provided by the ensemble prediction model. The analysis of the ensemble
forecasts also demonstrated that the precipitation uncertainty is tremendous even
for short-term forecasts and although only a small ensemble size is used to estimate
the uncertainty. We would like to stress that the selection of less realizations is
not a reasonable strategy to reduce the forecast uncertainty. Otherwise, the model
performance of the ensemble prediction system clearly decreases, in particular for
longer lead times, so that suitable warning information can be not provided for the
end users.
To overcome the problems of dynamical downscaling, we proposed in this inves-
tigation statistical downscaling techniques to estimate in an adequate manner the
forecast uncertainty for the surface variable of interest. Moreover, many reasons for
the use of statistical forecasting were given and suitable arguments were presented
to formulate and to express the outcomes of prediction models in forecast proba-
bilities. Unfortunately, decision making in the face of uncertainty is more complex
compared to deterministic forecasts. Therefore, the following questions were also
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discussed in more detail:

What is the optimal use of a probability forecast in decision making

situations? And, how valuable are probability forecasts in comparison

to other forecasting techniques?

To answer this question, we selected a cost-loss approach to approximate the de-
cision making process of warning situations. This approach relates the negative
outcomes of a binary warning system (hit, false alarm, miss and inverse hit) to the
consequences of the decision making process (cost for protective action and loss if
the event is missed). We demonstrated that a probabilistic forecast is more valu-
able compared to other forecasting techniques since the decision maker can select
the optimal decision threshold for an individual user. However, it is crucial for the
goodness of the model predictions that the decision maker knows how to apply a
probability forecast in cost-loss situations. Therefore, the optimal use of a probabil-
ity forecasts was demonstrated so that the decision maker can use this information
to maximize the benefit for an individual user. Additionally, it was shown that the
optimal use of the probability forecast is influenced by several factors e.g. the cost-
loss ratio and the occurrence frequency. These factors should be taken into account
by a forecaster for the optimization of the decision making process to provide finally
a highly valuable forecast for all users for their region of interest.
The approach was also chosen to estimate the forecast value of the analog method
in warning situations. In comparison to the low-skill reference forecasts, the predic-
tion of the analog method is characterized by a high forecast value for the detection
of rare events so that many users can profit from the model predictions. Nonetheless,
we have the opportunity to make any comparison with other statistical forecasting
techniques. Thus, it was also necessary to clarify the following question:

How accurate are the predictions of the analog method in relation to

other statistical forecasting techniques?

To shed light on this question, an objective classification based on the concept of
fuzzy rules was selected to compile a catalog of daily large-scale circulation patterns
for the river basin of interest. We illustrated that this technique can determine phys-
ically reasonable patterns with a high risk of intensive precipitation. The evaluation
of the predictions by the cost-loss approach demonstrated that the classification can
provide valuable information for the detection of intensive precipitation. If the deci-
sion maker selects an appropriate decision threshold, the hit rate of the classification
is similar to analog forecasting. Unfortunately, many alarms are triggered by the
classification so that the warning information provided by this technique seems to
be less valuable in comparison to the analog method. This result would be expected
since the search algorithm uses more information for the downscaling and it focuses
more on the description of the weather state over the region of interest in comparison
to the classification.
To give a more precise answer to the aforementioned question, future investigations
should also select forecast information for the model evaluation. In this investigation
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the model performance of each downscaling approaches was mostly determined with
reanalysis data. Thus, under assumptions that the GCM predictions are perfect.
However, it is obvious that this assumption is violated when forecast data from a
global NWP model is selected.
Please note that the classification was not only selected for the model comparison.
The large-scale daily circulation patterns can be also used to introduce additional
information in the downscaling process. Besides this argument, there are many fur-
ther reasons for the use of a classification technique in objective weather forecasting.
The compilation of large-scale circulation patterns should actually form an integral
part when a prediction model for local surface variable is developed. Future in-
vestigations can highlight this aspect in more detail to join the strengths of both
downscaling approaches and to reduce finally the limitations of a prediction model
for local surface variables.
We also presented in this investigation a new technique for the downscaling of
surface variables. This technique is based on the data depth which measures the
centrality of a weather state. Since local extremes are often caused by anomalies
of the atmosphere, this idea seems to be a promising technique for the identifica-
tion of weather states with a high likelihood of intensive precipitation at the local
scale. However, the selection of this approach for precipitation downscaling is not
straightforward since unusual weather situations can be linked to adverse weather
and good weather over a region of interest. To overcome this limitation, the large-
scale circulation patterns compiled by the fuzzy rule-based classification were taken
to distinguish between dry and wet weather states. The model performance of this
conditional downscaling approach indicated a high potential for the detection of in-
tensive precipitation similar to the performance of analog forecasting. This result
was quite encouraging and therefore an advancement of this technique should be
continued.
We can summarize that the analog method is a suitable technique for the estima-
tion of the forecast uncertainty of daily precipitation and that this approach was
able to provide valuable information for the detection of intensive precipitation for
small river basins in Germany. Thus, the enhancement of the methodology should
be worthwhile. Even so, the next pertinent question that arises is ...

How can the traditional way of the analog method be improved?

To address this issue, four different ways were proposed and investigated in detail:

1. Pattern closeness and pattern similarity: The model performance of ana-
log forecasting strongly depends on the measure which is taken for the compar-
ison of two weather patterns to identify suitable analogs. Usually, a distance
function is selected which describes the closeness between two weather pat-
terns. However, we highlighted that two patterns can be similar according to
their form, or so called pattern similarity. Unfortunately, pattern closeness and
pattern similarity are not taken into account by the traditional distance func-
tions selected in analog forecasting. To create a measure balancing between
similarity and closeness, a weighted mixture of two Lp-distances was proposed.
We demonstrated that the selection of this measure can slightly improve the
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prediction of intensive precipitation if both ordinary distance functions posses
a similar downscaling performance. Future work should also be able to point
out whether the new distance measure can enhance the predictions over the
entire range of the predictand or not.

2. Selection of an appropriate distance function: Usually, in analog fore-
casting a measure for the comparison of two patterns is selected where all
grid points of the predictor domain have the same weight for the compari-
son. However, such a distribution of the weight is actual a poor choice and
the selection of more sophisticated distribution is costly. To overcome this
problem, we presented in this investigation an optimization algorithm. It was
highlighted that the algorithm can define weights for a distance function so
that the time-consuming manual specification of the predictor domain and the
selection of a measure for the comparison can be skipped. Furthermore, we il-
lustrated that the model prediction can be improved by this technique so that
an investigator with less experience can even obtain similar results compared
to an expert. However, the goodness of the model transferability is strongly
influenced by the choice of the objective function. An investigator must select
a suitable objective function, otherwise the optimization algorithm determines
a less reliable predictor domain and the model transferability of the approach
is poor.

3. Model transferability: To improve the transferability of analog forecasting,
several objective functions were tested which focused either on the prediction
of daily precipitation or the prediction of daily discharge differences. The se-
lection of daily discharge differences is an uncommon optimization strategy,
though it has the advantage that robust identification of model parameters is
more likely. Since river flooding is mainly the result of intensive precipitation
in the temperate zone, a further benefit of this strategy is that a prediction
model can be developed for two purposes, namely the prediction of intensive
precipitation and river floods. The model optimization with discharge differ-
ences was also tested to identify suitable parameters for the fuzzy rule-based
classification. The calculation of the model performance demonstrated that
the selection of discharge differences can enhance the model transferability
for both, analog forecasting and classification. This optimization strategy can
even improve the model predictions for intensive precipitation in comparison
to the optimization with daily precipitation. However, there are still further
options available for a more suitable formulation of an objective function based
on daily areal precipitation which could outperform the optimization strategy
presented in this investigation.

4. Selection process: The predictions of the analog method are also influenced
by the choice of the selection rule used to restrict the search process. Usually,
a selection rule is used to take into account the interannual variability of the
downscaling process. However, the investigation highlighted that the selection
of circulation patterns can be also useful in restricting the search process so
that e.g. for a summer day with a wet circulation pattern only analogs are se-
lected that occurred in the same (similar) season and that belong to the same
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(similar) pattern. The calculation of the model performance demonstrated
that the selection of the new search algorithm was only able to improve the
prediction for moderate and intensive precipitation in comparison to standard
algorithms. The use of circulation patterns has also the advantage that the
search process can be accelerated to allow for quicker estimation of the model
parameters. Future investigation can focus on the development of more so-
phisticated rules compared to those rules selected in this study so that finally
the prediction of the algorithm can be improved over the entire range of the
predictand.

In this section we presented some answers for the research questions proposed in
this investigation. However, there are still many open questions which need to be
addressed in future investigations. Some of these questions are presented in the
following section.

9.2 Outlook for Future Investigations

Are there any ways to reduce the forecast uncertainty of the analog

method for daily areal precipitation?

This question often came up when the uncertainty of the precipitation forecast was
presented for specific events. Then, decision makers and many researchers as well
were often surprised about the high uncertainty of the precipitation forecast.

There are still some ways and techniques to improve the methodology. One pos-
sible way is the identification of systematic differences (bias) between the predictor
information used for the model development and the predictor information used
for operational real-time forecast. In this investigation the precipitation model was
developed with reanalysis information. But in the operational mode the predictor
information is provided by a GCM with a different model structure (e.g. resolution
and parameterization) and probably with a different data source. In particular for
variables with a high spatial variability like the moisture flux, it can be expected
that there is a bias in the prediction information which influences the performance
of the precipitation model. To investigative this question, the predictor information
of the reanalysis archives provided by NCEP/NCAR and ECMWF can be used for
the comparison.

Another way could be the advancement of the predictor sets used to describe the
downscaling process. For example, additional information can be introduced in the
downscaling process to describe more accurately the preconditions of an event. It is
obvious that the origin and the tracks of cyclones should play a role for long-lasting
large-area heavy precipitation. A further way of introducing additional information
is the selection of predictors which describe the long-term variability of the weather
over the region of interest. We know that the evolution of the weather in Europe is
influenced by the state of the ocean circulation of the North Atlantic. Wilby (1998)
illustrated that anomalies of the mean sea temperature of the North Atlantic have a
small effect on the long-term variability of the precipitation process in Europe and
can slightly improve the downscaling.
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Figure 9.1: Forecast uncertainty of daily areal precipitation with respect to the
closeness of two resampling algorithms. Traditional = traditional ap-
proach of analog forecasting (Chapter 4). Optimized = analog fore-
casting based on an appropriate distance function (Chapter 6).

Apart from the introduction of additional information in the downscaling process,
the enhancement of the search algorithm should also play an important role in
future studies. Usually, we assume in analog forecasting that the closer two weather
situations are, the more similar is their outcome and the smaller should be the
forecast uncertainty. However, in the case of forecasting daily areal precipitation,
this assumption seems to be not satisfactorily fulfilled. Figure 9.1 illustrates the
forecast uncertainty of daily areal precipitation in dependence on the closeness of
two weather patterns for two search algorithms proposed in this investigation. Even
for very close patterns, the forecast uncertainty is large for both algorithms. Only 30
% of the variability of the predictand can be explained even for the algorithm with
an optimized distance function (see Chapter 6). This internal validation illustrates
that there still might be potential to improve the predictions of the analog method.
A methodology to tackle the aforementioned problem was proposed in Bárdossy
et al. (2005). They tested this idea for a resampling algorithm used for daily flood
forecasting. While the same idea was selected by Samaniego et al. (2008) for the
classification of land use data, that was derived from remote sensing. In this study
we also developed a methodology based on the approach presented in Bárdossy et al.
(2005). Unfortunately, the transferability of this approach to an independent data
set was poor so that an alternative way of distance optimization was proposed. In
the near future, we would like to continue this work to find a more satisfying solution
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for the aforementioned problem.
We are sure that all ways (i) the identification and the correction of the bias in the
predictor information, (ii) the introduction of additional information in the down-
scaling process and (iii) the advancement of the search algorithm can reduce the
forecast uncertainty. However, it should be remembered that the model predictions
presented in this investigation were performed with reanalysis information (one ex-
ception was made in Chapter 8 where the model predictions was based on forecast
information). Thus, the precipitation model was tested under the assumption that
the large-scale predictions of a global NWP model are perfect. Unfortunately, this
assumption is not true for future projections. Thus, there will be still the dilemma
that the forecast uncertainty of daily precipitation is high, in particular for longer
lead times and for the prediction of rare events. To describe the forecast uncer-
tainty for daily areal precipitation, the statistical forecasting techniques proposed
here seem to be appropriate downscaling techniques. Moreover, the selection of cost-
loss approaches presented in this investigation enables the investigator to identify
suitable strategies for decision making even under high uncertainty of the precipi-
tation forecast.

What about extrapolation?

Analog forecasting is restricted to observations. Since the archive of daily precipi-
tation observations are seldom longer than fifty years, the estimated precipitation
amount is poor for events outside the observation range. However, Bontron and
Obled (2003) mentioned that the methodology provides a suitable warning informa-
tion already for decision making due to the selection of past weather situations. For
instance, if the resampling algorithm identifies a weather state with the largest ever
recorded precipitation amount in a river basin, this information should be enough
for a decision maker to trigger an alarm. Nevertheless, we must also develop tech-
niques which can adequate forecast the precipitation amount of rare events. This
means that the extrapolation capabilities of global NWP model must be analyzed
for rare weather phenomena. If they can reliably simulate the atmospheric flow pro-
cesses for these situations, then this information can be used for the development
of downscaling approaches with a suitable extrapolation technique. In the case of
analog forecasting, the selection of a local regression might be a possible strategy to
provide an appropriate estimate of the precipitation amount for rare events. Please
note that even in the case when a suitable extrapolation technique can be devel-
oped, there will be still the problem that only a small number of observed extremes
are available for the model validation. Then we can only assume that the transfer
function developed with past observations hopefully holds for future extremes which
are outside the observation range and which occur in a changing climate.

How can we develop a reliable warning system for the public?

This question usually came up when the warning strategy for the detection of inten-
sive precipitation was presented. To obtain a suitable hit rate for rare events, the
warning system must trigger a number of alarms, since the prediction of intensive
precipitation is associated with a high forecast uncertainty. Unfortunately, this pes-
simistic warning strategy is not useful for the members of the general public. It is
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obvious that their willingness for protection will be significantly reduced if this kind
of warning strategy is used. To overcome this dilemma, the following points should
be taken into account:

• Firstly, the decision makers of the flood forecasting centers must be trained so
that they can optimally use a probability forecast to provide valuable warning
information for all users of their region of interest. Many decision makers are
aware that the outcomes of predictions models are uncertain. This step could
be realized with less effort.

• Secondly, the users must be distinguished into classes according to their will-
ingness for protection. Then, a warning system must be developed which
mobilizes the user groups step-by-step during an alarm situation. For exam-
ple, if there is any indication of an extreme, the members of a flood forecasting
centers are alarmed to observe the weather situation in more detail. If they
obtain new information and they are more certain that the event will occur,
they can inform users with a higher willingness for protection. Only in the last
step of the warning chain, if a suitable warning can be provided to users with
a low willingness for protection, the members of the general public should be
informed so that they can take protective action.

• Thirdly, the uncertainty of the weather forecast must be communicated to all
members of a forecasting chain. It is obvious that many people know from
their experience that weather forecasts are uncertain. Thus, this issue is not
new for them and the introduction of uncertainties in the form of forecast
probabilities might be less difficult. However, the use of forecast probabilities
also means that all members of a warning chain have to be trained since
misinterpretations of probability forecast are quite common (see Murphy et al.,
1980; Gigerenzer et al., 2005; Morss et al., 2008). Probably, a further problem
is that many people do not understand why the predictions are uncertain.
Most of the people know that weather forecasts are performed with computers.
Unfortunately, there seems to be the belief that due to the increase of computer
power over the last decades, the performance of a prediction model must rise
in a similar way. However, it is obvious that the model performance of a
prediction model is not only a condition of computer power. Thus, there
seems to be the need to communicate in a suitable way the main reasons
for the forecast uncertainty. If we do not engage in any communication, we
pretend that a high model precision is present and users might overestimate
the capabilities of the prediction model.

We are convinced that both, an adequate communication of the forecast uncer-
tainty and their reasons behind it, will increase the motivation for protection so
that finally a more valuable warning system can be developed for all members
of a forecasting chain.

Finally, we can summarize that there are still many open questions and issues which
should be addressed in future studies. The ideas and methodologies presented in
this investigation are only a small portion of the current state of those that represent
the art in the field of probabilistic precipitation forecast. The author hopes that the
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investigation was able to highlight the basic principles and techniques in a suitable
way so that future research activities can benefit from this investigation and that
some ideas or techniques can also find their way into the hydrological practice.
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Obled, C., Bontron, G., and Garçon, R.: Quantitative precipitation forecasts: a
statistical adaptation of model outputs through an analogues sorting approach,
Atmospheric Research, 63, 303–324, 2002.

Obled, C., Djebboua, A., and Bontron, G.: Toward a simple probabilistic hydro-
meteorological forecasting chaing, in: Proc. 5th EGU Plinius Conf., Ajaccio, Cor-
sica, France, 1–3 October, 2003, pp. 168–185, 2003.

163

http://www.nco.ncep.noaa.gov/pmb/products/gfs/
http://www.nco.ncep.noaa.gov/pmb/products/gfs/
http://www.cdc.noaa.gov/data/reanalysis/problems.shtml
http://www.cdc.noaa.gov/data/reanalysis/problems.shtml
http://wwwt.emc.ncep.noaa.gov/gmb/STATS/html/model_changes.html
http://wwwt.emc.ncep.noaa.gov/gmb/STATS/html/model_changes.html
ftp://ftp.ncep.noaa.gov/pub/data/nccf/com/gfs/prod/
ftp://ftp.ncep.noaa.gov/pub/data/nccf/com/gfs/prod/


Bibliography

Obled, C., Djerboua, A., Zin, I., and Garçon, R.: A simple probabilistic flood
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