ETH Library

Towards operational probabilistic
runoff forecasts
Assessment of uncertainties within a coupled
hydrometeorological modelling system

Doctoral Thesis
Author(s):
Jaun, Simon
Publication date:
2008
Permanent link:
https://doi.org/10.3929/ethz-a-005788939
Rights / license:
In Copyright - Non-Commercial Use Permitted

This page was generated automatically upon download from the ETH Zurich Research Collection.
For more information, please consult the Terms of use.

Diss. ETH No. 17817

Towards operational probabilistic runoff
forecasts
Assessment of uncertainties within a coupled hydrometeorological
modelling system

A dissertation submitted to the
ETH ZURICH
for the degree of
Doctor of Sciences
presented by
SIMON JAUN
Dipl. Natw. ETH
born 10. April 1976
citizen of Meiringen - Switzerland
accepted on the recommendation of
Prof. Dr. C. Schär, examiner
Prof. Dr. R. Weingartner, co-examiner
Prof. Dr. B. Ahrens, co-examiner
Doz. Dr. J. Gurtz, co-examiner
2008

Zusammenfassung
Die Schweiz und ihre Nachbarstaaten waren in den vergangen Jahren mehrmals von
Starkniederschlagsereignissen und den darauf folgenden Hochwassern betroffen, die zu
grossen materiellen Schäden führten und teilweise Todesopfer forderten. Die Erfahrung
zeigt, dass zutreffende Warnungen mit genügend Vorlaufzeit die Folgen von Überschwemmungen beträchtlich reduzieren können.
Die beschränkte Laufzeit des Wassers in kleinen bis mittleren hydrologischen Einzugsgebieten im alpinen und voralpinen Raum erlaubt keine längeren Vorhersagezeiträume
für Abflussvorhersagen, die primär auf meteorologischen Beobachtungen beruhen. Dies
ermöglicht erst die Nutzung von Wettervorhersagemodellen, die mit der hydrologischen
Anwendung gekoppelten sind. Nichtsdestotrotz werden meteorologische Beobachtungen
für die Initialisierung der hydrologischen Vorhersagen benötigt.
Hydrologische Modelle zeigen eine hohe Sensitivität bezüglich Fehlern in atmospärischen Antriebsdaten, unabhängig davon, ob diese von Beobachtungen oder von Vorhersagen stammen. Dies gilt im Speziellen für die Niederschlagsdaten. Die vorliegende
Dissertation hat die Untersuchung von Unsicherheiten innerhalb eines gekoppelten hydrometeorologischen Modellsystems zum Ziel. Zu diesem Zweck wurde die folgende Modellkette implementiert: Das operationelle atmosphärische Ensemblevorhersagesystem (EPS)
des ECMWF erzeugt die meteorologischen Ensembles auf der globalen Skala, die vom
regionalen atmosphärischen EPS (COSMO-LEPS) dynamisch auf eine höhere Auflösung
skaliert werden. Die resultierenden hochaufgelösten meteorologischen Ensembles dienen
schliesslich als Antrieb für das hydrologische Model PREVAH. Das hauptsächlich betrachtete Einzugsgebiet des Rheins (34’550 km2 ) erstreckt sich bis zum Pegel Rheinfelden
und ist in 23 Teileinzugsgebiete unterteilt. Die hydrologischen Simulationen werden auf
einem 500 m Gitter mit stündlichen Zeitschritten durchgeführt.
Um korrekte Anfangsbedingungen für die nachfolgenden Vorhersagen zu erreichen,
werden hydrologische Modelle in einem Assimilationsmodus betrieben, der auf beobachtetem meteorologischem Input beruht. Beobachtete Niederschlagsdaten werden üblicherweise als fehlerlos betrachtet. Dies gilt für die Anwendung in hydrologischen Modellen
wie auch für die Verwendung als Referenz bei der Evaluierung von Niederschlagsvorhersagen. Doch abgesehen von direkten Messfehlern kommt, in Abhängigkeit der Dichte der
verfügbaren Messstationen, zusätzlich die Interpolationsunsicherheit zum Tragen. Mit
Hilfe einer stochastischen Simulation kann ein Beobachtungsensemble der interpolierten
Niederschlagsdaten erzeugt werden, das die Abschätzung der Interpolationsunsicherheit
erlaubt. Die Resultate der Evaluierungsstudie zeigen, dass die Interpolationsunsicherheit
selbst auf der Skala der Schweiz nicht vernachlässigt werden sollte, und dass sie sich auch
auf die nachfolgenden hydrologischen Simulationen auswirkt.
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Die Nutzung quantitativer Niederschlagsvorhersagen bringt grosse Unsicherheiten mit
sich. Wird eine solche Vorhersage im hydrologischen Bereich verwendet, kann diese zusätzlich eingebrachte Unsicherheit mit einer deterministischen Vorhersage nicht bestimmt
werden. Eine Möglichkeit, diese Unsicherheit zu berücksichtigen, bietet eine probabilistische Vorhersage unter Verwendung eines meteorologischen Ensemblevorhersagesystems.
Ein solches System wurde im Rahmen einer Fallstudie über das Hochwasserereignis
vom August 2005 betrachtet. Für weitere Untersuchungen standen zudem meteorologische Ensemblevorhersagen für zwei Jahre (2005 und 2006) zur Verfügung. Diese wurden
für tägliche hydrologische Nachhersagen genutzt.
Die auf den hochauflösenden meteorologischen Ensemblevorhersagen basierende hydrologische Anwendung zeigt Vorteile und Anwendbarkeit der zusätzlichen Unsicherheitsinformation im Vergleich mit einer deterministischen Vorhersage auf. Die Auswertungen
ergeben dabei höhere Gütemasse für das probabilistische System. Der gewählte Ansatz
zeigte sich zudem unter verschiedensten Wetterbedingungen robust und ist über eine
längere Zeitperiode anwendbar. Dabei wird die durch die quantitative Niederschlagsvorhersage eingebrachte Unsicherheit gut abgebildet.
Durch die Untersuchung der Unsicherheitskomponenten innerhalb eines hydrometeorologischen Systems versucht diese Dissertation Möglichkeiten, Vorteile und Schwächen gekoppelter hydrometeorologischer Ensemblevorhersagesysteme mit Hinblick auf eine Operationalisierung zu zeigen. Im Rahmen der MAP D-PHASE war es möglich, solche Modellsysteme in einer (experimentellen) operationellen Konfiguration erstmals zu erproben.
Auf Grund der mehrheitlich positiven Erfahrungen werden aktuell weitere operationelle
Anwendungen implementiert.
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Abstract
Recent flood events in the Switzerland and neighbouring countries led to tremendous
damages and loss of life. To mitigate the severe consequences of such events, longer lead
times in hydrological forecasting are required to allow for appropriate precautions.
The size of typical Alpine and Pre-Alpine catchments does not allow for medium-range
runoff forecasts primarily based on precipitation observations, due to short catchment
response times. Rather, to achieve the required lead times, hydrological models must be
driven by meteorological numerical weather prediction systems. Meteorological observations remain important, however, to assign the initial conditions of the hydrological
model prior to forecast initialization.
It is well known that hydrological models show a high sensitivity to errors in the
atmospheric forcing (especially precipitation), whether stemming from observations or
forecasts. The present PhD therefore aims at the investigation of uncertainties within a
coupled hydrometeorological modelling system. To account for the uncertainty in driving precipitation, a one-way coupled hydrometeorological modeling system is set up and
tested. The system comprises an operational global atmospheric ensemble prediction
system (EPS) provided by the ECMWF, dynamical downscaling with a limited-area atmospheric EPS (COSMO-LEPS), and a semi-distributed hydrological model (PREVAH).
The main study area covers the upper Rhine catchment till Rheinfelden and is further
divided into 23 subcatchments, covering a total of 34’550 km2 . The hydrological model
runs at a spatial resolution of 500 meters and with hourly time steps.
The initial conditions of the hydrological model are obtained by driving it in an assimilation mode and thereby acquiring surface precipitation observations. Observed precipitation data (also commonly used for verification purposes) is commonly assumed to
be without errors. However, apart from measurement errors, the spatial interpolation
of precipitation point data is highly uncertain and strongly depends upon the density
of stations. To account for this uncertainty, observational precipitation ensembles from
interpolated rain gauge data are created by stochastic simulation. The evaluation experiments show that the interpolation uncertainties are substantial, even on the scale of
Switzerland, and they also affect subsequent hydrological forecasts.
Quantitative precipitation forecasts (QPF) are deemed even more uncertain. The
use of QPF within a hydrometeorological model system therefore implies an increased
uncertainty, which cannot be accounted for by deterministic simulations. A promising
avenue towards addressing this issue is the use of probabilistic hydrological forecasts
driven by meteorological EPSs.
To test such a system, hydrological hindcasts were conducted for a case study as well
as for an extended time period. The case study addresses the extreme Alpine flood in
August 2005, which is one of the worst floods ever experienced in this region. The longer
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study encompasses two full years (2005 and 2006) during which daily meteorological
ensemble forecasts were available for hydrological application.
The hydrological forecast based on the high-resolution meteorological EPS was found
to complement the deterministic forecast, providing valuable information about the uncertainty of the weather situation and its hydrological consequences for decision making.
Objective validation against observed runoff shows that the probabilistic system yields
higher scores than its deterministic counterpart. The chosen ensemble approach works
for a wide band of weather conditions and the ensemble spread nicely represents the
additional uncertainties introduced by poorly predictable weather situations.
By analyzing the uncertainty component within a hydrometerological system this PhD
tried to explore potential benefits and weaknesses of coupled hydrometeorological ensemble prediction systems with the objective to advance these systems towards operational
implementation. In addition to the studies referred to above, first (experimental) operational applications took place during the MAP D-PHASE. On the basis of the largely
positive experience, further operational applications are currently being implemented.
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1 Introduction
Experience suggests that appropriate warnings with sufficient lead time can substantially
mitigate the consequences of heavy precipitation events and subsequent floods. Given
such warnings, it would then be possible to take the necessary actions, such as, to evacuate
particularly vulnerable areas and optimize water management infrastructures like dams
and reservoirs. Frei et al. (2000) report three reasons why, especially in the alpine region,
extreme precipitation is a major environmental factor:
• This region is exposed to a higher than normal frequency of extreme precipitation
events and exhibits large spatial differences.
• Especially mountainous regions are vulnerable to extreme precipitation and its secondary effects, which include severe flooding of populated areas, mudslides, erosion
and other phenomena endangering the environment.
• The Alpine region connects major European industrial centers with expensive but
vulnerable transport and telecommunication networks, and gas and electric power
lines.
Further, evidence exists for an increase in precipitation amounts (Widmann and Schär,
1997) and the frequency of intense precipitation (Frei and Schär, 2001) in the Swiss Alps
during the 20th century. The vulnerability of this region is further increased by the
far greater likelihood of intense floods due to the high specific discharges in catchments
at altitudes between 1000 and 2000 m (Weingartner et al., 2003). This illustrates how
essential a capable forecasting system with an adequate lead time is, as flood damages
can be reduced by taking appropriate precautions. Such forecast systems are therefore
considered to be of high economic value: In the Alps, flooding events such as the Brig flash
flood (September 1993) and the Piedmont flood (November 1994) and the Gondo Flood
(October 2000) together resulted in over 100 casualties and caused property damage
of over 30 billion Swiss Franks (Kleinschroth, 2001; Binder and Schär (Eds.), 1996).
The spring 1999 flood in the Rhine basin also caused direct costs of more than half
a billion Swiss Francs. In August 2005, Switzerland and neighbouring countries were
hit by a heavy precipitation event and subsequent floods and landslides. The financial
consequences reached approximately 2.5 billions Swiss Francs and again fatal casualties
resulted (MeteoSchweiz, 2006; Bezzola and Hegg, 2007).
Large river basins have long response times, which allow to provide hydrological forecasts in due time based on observed meteorological input data and routing of observed
runoff. This is not possible for medium sized (1000 to 10000km2 ) and smaller catchments,
where the response times are usually shorter (a few hours). Therefore, an alternative is
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needed to drive the hydrological models in order to provide medium range hydrological forecasts (1-5 days) in the Alpine and Pre-Alpine region. By coupling hydrological
models and meteorological numerical weather prediction systems (NWP), the needed
hydrological forecasts lead times can be provided.
In recent years, several international projects have investigated different aspects of
such coupled hydrometeorological forecast approaches. The RAPHAEL project (Runoff
and Atmospheric Processes for flood HAzard forEcasting and controL, Bacchi and Ranzi,
2000), was run from 1998 to 2000, targeted at the development and implementation of
coupled meteo-hydrological systems at the regional scale to improve flood forecasting and
management in mountain catchments. The Hydrological Ensemble Prediction Experiment (HEPEX) started in 2004 and its aim is to "demonstrate how to produce reliable
hydrological ensemble predictions that can be used with confidence by emergency management and water resources sectors to make decisions that have important consequences
for the economy, environment, public health and safety" (Schaake et al., 2007). The author was involved in the following two projects: The European COST Action 731, on
"Propagation of Uncertainty in Advanced Meteo-Hydrological Forecast Systems", which
addresses problems associated with forecasts of heavy precipitation events and the corresponding hydrological processes. As the title suggests, the project investigates the
propagation of uncertainties through the various steps within hydrometeorological model
chains and the subsequent decision making (Rossa, 2007). A more operational approach,
tackling the problem of uncertainties in hydrological forecasts, is finally proposed by the
MAP D-PHASE (Mesoscale Alpine Programme, Demonstration of Probabilistic Hydrological and Atmospheric Simulation of flood Events in the Alps) project, an end-to-end
forecasting system for Alpine flood events that has been set up to demonstrate state-ofthe-art forecasting of precipitation-related high-impact weather (Rotach et al., 2005).

1.1 Uncertainties in hydrological forecasts
In general, the output uncertainty of a hydrological model is affected by several components (cf. Fig. 1.1). The main sources of uncertainty consist of the initialization
uncertainty (i.e. the initial state of the model), the model uncertainty (uncertainty from
parameters and the conceptualization) and the input uncertainty (uncertainty from the
meteorological data used to drive the model) (Vrugt et al., 2005).
With a given set of parameter values and a defined input, a deterministic model will
always result in one single prediction that does not include an assessment of its uncertainty. In contrast, a stochastic (probabilistic) model will account for the uncertainties
in a model setup and input, delivering a range of possible results, including a variance
or another measure of predictive dispersion (cf., e.g, Wilks, 2006, chapter 6). Most of
the models used nowadays work in a deterministic way, but it is sometimes difficult to
draw the line between the two model types, as stochastic error models can be added to
deterministic predictions (Beven, 2001).
In the following, the aforementioned uncertainty components are shortly described and
possibilities for probabilistic considerations are outlined. In terms of input uncertainty,
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Figure 1.1: Uncertainties affecting the output uncertainty of a hydrological model (HM).

the most important element for hydrological applications are accurate predictions of
precipitation amounts (and temperature for snow related events). Unfortunately, quantitative precipitation forecasts, especially for longer lead times, are accompanied by large
uncertainties. These uncertainties are propagated within the hydrometeorological forecast system and affect the accuracy and reliability of the resulting hydrological forecast.
But not only precipitation forecasts, even observed precipitation, whether derived from
point measurements (cf. Chapter 2) or rain radar (cf. appendix C), is flawed by uncertainties, which should be accounted for in short-range forecasts and nowcasting. Uncertainties originating from the observed or simulated precipitation can be accounted for by
the use of forecast ensembles (e.g., Verbunt et al., 2007), and observational (resp. radar)
ensembles based on stochastic models (Ahrens and Jaun, 2007; Germann et al., 2006).
The initialization uncertainty represents possible aberrations from the true initial state
of water storages within the hydrological model at the forecast start time. To achieve
decent initial model conditions, hydrological models usually remain in spin-up mode for
up to one model year. As the spin-up run is typically driven by observed meteorological
variables, the initialization uncertainty is linked to the input uncertainty in a preceding
time window. To improve the initial model conditions, assimilated real time meteorological and hydrological data can be used (Refsgaard, 1997). Snow cover information and,
in principle, soil moisture information can also be included.

3

1 Introduction
The model uncertainty arises from tunable parameters and the conceptualization of
the hydrological model. The hydrological model has to reproduce interactions between
soil layers, vegetation, surface and subsurface water bodies and courses, as well as energy/mass in- and output. Ideally, a model based on physical descriptions of the aforementioned processes does not require any tunable parameters. However, for representation in terms of computable mathematical equations, the hydrological processes are
conceptualized and simplified to some degree. Models using a high degree of simplification are named "conceptual models", while those with a modest degree of conceptualization are called "physically-based models" (note that all models are conceptualized to
a certain degree). Applying the same meteorological input to a physically-based and a
more conceptual model yields different results (Gurtz et al., 2003). This conceptualization uncertainty can be accounted for by the use of so-called "poor-mens-ensembles", the
application of different models (whether hydrological or meteorological) on the same target area (e.g., Davolio et al., 2008). The application of hydrological and meteorological
poor-mens-ensembles is one of the explored objectives within MAP D-PHASE.
Some of the model parameters can directly be derived from geographical information,
e.g., digital elevation models and soil property maps. Model parameters based on geographical information mostly contains uncertainties due to coarse spatial resolution and
general data scarcity. With an increased degree of conceptualization, more and more
model parameters do not represent directly measurable variables and need to be adjusted and calibrated with historical runoff time series. Calibration procedures using
Monte-Carlo simulations can provide information on parameter uncertainty (Bosshard
and Zappa, 2008) and circumvent the problem of equifinal parameter sets (two parameter sets are equifinal if they lead to an equally acceptable representation of the observed
natural processes).
We have not yet mentioned uncertainties related to anthropogenic interferences with
the natural water cycle. This includes the construction of dams and by-passes for production of electrical energy, the conversion of naturally braided and meandering rivers
into straight channels to allow navigation and land acquisition, and lake regulations for
flood protection purposes. Release and storage regimes of hydropower plants are only
seldom made available by hydropower companies. Although lake regulation rules are in
principle known and often established by governmental agencies, these rules need sometimes "wide" interpretation by the local authorities to optimize water management. Due
to this data scarcity/unavailability, uncertainties resulting from anthropogenic influences
are mostly neglected within this study.
While each of the aforementioned uncertainty components should be considered for
flood forecasting systems, the uncertainty resulting from the rainfall prediction is regarded as the main problem (Krzysztofowicz, 1999; Todini, 2004; Ebert et al., 2006;
Ranzi et al., 2007). In this work, the main focus is therefore set on the input uncertainty
associated with coupled atmospheric-hydrological forecast systems.
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Figure 1.2: Topography of Switzerland at hydrological model grid spacing of 500 m (left) and at
meteorological model grid spacing of 7.5 km (right). Individual valleys are only well
resolved at the higher resolution.

1.2 Coupled hydrometeorological flood forecasting systems
Meteorological and hydrological sciences historically emerged as independent research
fields, though they are closely linked by the hydrological cycle. Recently, close collaborations emerged between the meteorological and hydrological research communities, as
the application of NWP models is inevitable to provide medium-range hydrological forecasts for small to medium sized catchments (as outlined in the overall introduction).
In the following, some of the particularities and challenges coupling hydrological and
meteorological models shall be highlighted.
Hydrological models can be differentiated with regard to the degree of spatial representation. A fully distributed model calculates its runoff response in a spatially distributed
way. Generally, this is done by use of a grid, which covers the catchment of interest. Every grid cell is calculated on its own, using the assigned parameter values, e.g., soil type
or vegetation cover. Opposed to this, a lumped model treats a catchment as a single unit
and uses mean parameter settings, which apply to the whole basin. Note that distributed
models adopt a lumped model conception on the grid cell scale. A third approach tries
to combine the two concepts by use of hydrological response units (HRUs), as described
in Flügel (1997). The differences in spatial representation are usually directly reflected
in the model conception discussed in Section 1.1. Spatially distributed models therefore
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correspond to a physical base, while lumped models are generally conceptualized to a
higher degree.
Albeit the differences in spatial representation, hydrological models are generally applied to smaller spatial scales than meteorological models. For small to medium catchment sizes (up to 10’000 km2 ), hydrological models are typically based on grid spacings
of 100 to 1000 m, depending on the complexity and variability in topography, meteorology and soil/landuse properties, and the assigned problem/project goal. Schulla (1997)
showed that for small catchments the model performance decreases significantly using
coarser grid spacings than 2 km. In this study the semi-distributed hydrological model
PREVAH (Preciptation Runoff EVApotranspiration Hydrotope Viviroli et al., 2007) is
applied with a grid spacing of 500 m. PREVAH uses HRUs and the runoff generation
module is based on the conception of the HBV-model (Bergström and Forsman, 1973;
Lindström et al., 1997), adapted to a spatially distributed application. Further information on the model physics, structure, interpolation methods and parameterisations can
be found in Gurtz et al. (1999), Gurtz et al. (2003) and Zappa (2002).
In contrast to the hydrological models, meteorological models need to resolve largescale (even global) patterns to allow for reasonable simulations. Due to limited computational resources, operational global meteorological models are currently constrained
to a horizontal grid spacing of ∼ 25 km (e.g. the ECMWF global atmospheric model).
A number of case studies were conducted, which directly use the output from a global
scale meteorological model to drive hydrological models (e.g., Pappenberger et al., 2005).
While demonstrating promising results, some of the case studies suffer from biases related to the coarse resolution of the meteorological model (depending on the scale the
hydrological model is applied). The large scale meteorological models are not accurate
at modeling local weather, because local sub-grid scale features and dynamics are not
resolved. To overcome this limitation, dynamical downscaling methods can be applied
using limited-area models. COSMO-7, for example, the operational model used at MeteoSwiss (Steppeler et al., 2003), is nested in the ECMWF global model and provides
a grid spacing of ∼ 7 km. Other (statistical) downscaling approaches, like the use of
meteorological analogues, rely heavily on the availability of long historical data sets and
do not appear to be suitable to provide useful information about the future small scale
streamflow by itself (Diomede et al., 2008), especially in the case of an extreme event.
Figure 1.2 shows the digital elevation models corresponding to the grid spacing of PREVAH (500 m) and COSMO-7 (∼ 7 km). In the coarser resolution only major valleys like
the Valais are identifiable. Smaller structures are washed out. On even coarser resolutions (e.g., the 25 km grid from the ECMWF model), individual valleys are not resolved
any more. The differing grid resolutions call for a further downscaling of the meteorological variables (most important temperature and precipitation), in practice mostly
based on simple bilinear interpolation or nearest neighbor methods. As temperature is
strongly height dependent and the coarser resolutions flatten the topography, corrections
are needed. This problem can be solved conveniently by using a lapse rate approach.
Although precipitation also shows height dependence, a simple correction is not feasible due to the tremendous spatial variability stemming from, e.g., luff/lee effects and
convective precipitation. Note that for climatological objectives regarding, e.g., monthly
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means, corrections based on precipitation climatologies are well justifiable (cf. appendix
A).
Another difficulty arises from the fact that hydrological catchments define areas of
interaction, which are well confined by water divides. Therefore, high precision is needed
regarding the spatial localization of forecasted precipitation cells. Shifts of, e.g., 50 km
within a precipitation forecast can still be considered a decent result regarding the domain of the meteorological model, but can lead to a total failure in hydrological forecasts
(false alarm in the first, missed event in the second catchment). The sharp hydrological catchment borders additionally amplify the interpolation difficulties of coarse (and
therefore smoothed) meteorological model data.
The last preceding paragraphs emphasize the importance of matching meteorological
and hydrological scales. As a cautionary rule of thumb, a hydrological catchment should
be covered by approx. 10 meteorological model grid boxes, considering the effective resolution of a numerical meteorological model (Grasso, 2000). Ideally, the grid size of the
meteorological model equals that of the hydrological model. The rapid developments in
high resolution atmospheric modeling, which are closely linked to availability of computational resources, are promising, although the forecast horizons are reduced with smaller
resolutions due to intrinsic predictability limitations associated with rapid atmospheric
instabilities (Hohenegger and Schär, 2007). Only recently have high resolution forecasts
featuring a grid spacing of ∼ 2 km become operational at MeteoSwiss (COSMO-2, Doms
and Förstner, 2004).
Nowadays, operational hydrometeorological forecast systems are realized by use of a
one-way coupling, i.e., the meteorological variables are only passed from the meteorological model to the hydrological model, with no feedback to the meteorological model.
Fischer et al. (2007) showed on the regional scale that soil moisture content is directly
affecting weather evolution by amplifying or damping heat waves. Therefore proper soil
moisture representation within a meteorological model is crucial (Sutton et al., 2006).
Meteorological models only contain simplified soil models, neglecting lateral water transport and groundwater processes. Seuffert et al. (2002) demonstrated that a two-way
coupled model system using a fully distributed hydrological model shows an increased
performance on the atmospheric side because of more realistic soil moisture and a better
parameterization of vegetation.
The same considerations regarding the hydrometeorological coupling also apply to
atmospheric ensemble prediction systems.

1.3 Ensemble prediction systems
Within meteorology, probabilistic forecasts, in terms of ensemble forecasts, are established for operational forecasts to account for the limited predictability of the atmosphere. Meteorological ensemble prediction systems (EPSs) are operationally available
at the global scale from, for e.g., the U.S. National Center for Environmental Predictions
(NCEP, Toth and Kalnay, 1997), the European Centre for Medium Range Weather Forecasts (ECMWF, Molteni et al., 1996) and the Meteorological Center of Canada (MSC,
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Houtekamer et al., 2005). From these ensemble forecasts, a measure of the forecast uncertainty can be gained in terms of the ensemble spread. The spread of the ensemble
members represents mainly the initialization uncertainty of the meteorological model,
the main source of uncertainty for large scale atmospheric patterns in forecasts up to
3-5 days (Buizza, 2003). The perturbation of the initial conditions can be achieved by
different methods, the simplest being random perturbations.
In the following the ECMWF EPS/COSMO-LEPS, used in this study, is described in
greater detail. The global ECMWF EPS consists of 51 members. The generation of the
ensemble is based on singular vectors to create optimally perturbed initial states (Buizza
and Palmer, 1995). The use of singular vectors tries to estimate those initial conditions,
which result in the biggest error growth rates. Additionally, run time model errors are
considered by use of perturbed model physics (stochastic perturbations to parametrizations). The global model information is subsequently downscaled by the limited-area
EPS COSMO-LEPS (Marsigli et al., 2005; Montani et al., 2003). Due to computational
constraints, the operational COSMO-LEPS refines a subsample of 10 (16 since February 2006) representative ensemble members only, selected by a cluster analysis (Molteni
et al., 2001). Prior to the clustering analysis, the preceding EPS simulation from the
previous day is combined with the actual forecast. Hence the clustering is applied to a
recombined ensemble consisting of 102 members. This procedure, using "old" forecast
information, generally results in a widening of spread of the reduced ensemble. The clustering identifies similar circulation patterns based on the analysis of wind, geopotential
and humidity on three pressure levels (500 hPa, 700 hPa, 850 hPa) for two lead times
(96 h, 120 h). From the resulting 10/16 clusters, the respective representative cluster
members are selected and dynamically downscaled over a domain covering central and
southern Europe. These ensemble members are run on a rotated spherical grid with
a horizontal grid-spacing of 0.09◦ x 0.09◦ , equivalent to about 10 x 10 km2 , and with 32
model levels. The meteorological variables of the resulting high-resolution meteorological
ensemble can then be used to drive a hydrological model.
The feasibility of COSMO-LEPS for flood prediction purposes was first investigated
by Verbunt (2005). Based on two case studies, he showed advantages of the probabilistic
forecasts compared to deterministic forecasts and suggested a further exploitation of the
operationally available COSMO-LEPS within operational flood forecasting systems.
While the technical application of the probabilistic atmospheric-hydrologic model chain
remains basically the same as for the deterministic systems (except for the handling of
larger data amounts), evaluation and interpretation strategies differ strongly. Nevertheless, as first experiences from MAP D-PHASE show, operational forecasters welcome the
additionally available uncertainty information gained through the use of ensembles.

1.4 Aims and outline
The overall objective of this study is the consideration of uncertainties within coupled
hydrometeorological forecast systems, with an emphasis on the input uncertainty. The
possibilities and limitations of coupled atmospheric-hydrologic runoff ensemble forecasts
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are particularly explored as a step towards operationalisation. More precisely, this study
investigates the following issues:
• What are the uncertainties associated with the interpolation of precipitation fields
derived from point observations?
• How is the forecast quality affected by a reduction in ensemble member size?
• Does the hydrological application of limited-area ensemble prediction systems show
effective skill for forecast series over extended time periods?
• What are the potential benefits of using probabilistic hydrological forecasts over traditional deterministic ones?
The questions addressed cover only parts of the pending issues associated to the propagation of uncertainties within coupled hydrometeorological forecast systems. As detailed
in Chapter 5, further aspects need to be considered in the future.
The main study area consists of the Rhine basin down to the gauge Rheinfelden
(∼ 35’000 km2 ). The Rhine basin is mainly situated in Switzerland, smaller parts belong to Austria and Germany, and covers large parts of the Swiss Middleland and the
north slope of the Swiss Alps. To account for inhomogeneities in topography, atmospheric processes and runoff regimes, the domain is further divided into 23 subcatchments, based on the setup described in Verbunt et al. (2006). Analyses regarding the
coupled hydrometeorological forecast system were conducted in this area, respectively in
selected subcatchments. For climatological considerations (cf. Appendix A) the study
area was extended down to the gauge Cologne and a coarser subcatchment definition was
used. For practical application within the MAP D-PHASE (cf. Appendix C) the Lago
Maggiore region was additionally used to complement the study area with a different
hydrometeorological regime.
The core of this work is structured into three chapters corresponding to three scientific
papers. The three appendices consist of two papers and one book chapter, towards
which the author contributed. All chapters, including the appendices, are thus selfcontained in the sense that they include an abstract, introduction and conclusions. For
the convenience of the reader, a complete list of references is given at the end of the text.
The detailed outline is as follows:
• Chapter 2: On evaluation of ensemble precipitation forecasts with observation–based ensembles: Ahrens and Jaun (2007). For verification of
precipitation (as well as for subsequent runoff), the observational reference is normally assumed to be perfect, i.e., it is assumed that the interpolation from the
measured point values contains no errors. This paper investigates the consideration of the interpolation uncertainty by stochastic interpolations conditioned on the
observations. The resulting probabilistic reference allows an estimation of the evaluation uncertainty. The probabilistic reference can potentially be used to estimate
the performance given the reference uncertainty.
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• Chapter 3: A probabilistic view on the August 2005 floods in the upper
Rhine catchment: Jaun et al. (2008). This paper presents a case study for
the extreme flooding event occurring in August 2005 in the upper Rhine catchment,
focussing on the application of a probabilistic forecast system. As the operationally
available ensemble data consists of a reduced ensemble only (due to constraints in
computational resources), the effects of the reduction in ensemble member size are
explored by means of statistical tests. Apart from this, the probabilistic forecast
performance is evaluated against a traditional deterministic forecast system.
• Chapter 4: Evaluation of a probabilistic hydrometeorological forecast system: Jaun and Ahrens (2009). Numerous case studies (often extreme events)
exist for coupled hydrolometeorological ensemble forecast systems (cf. Chapter 3),
using meteorological input data at different scales. This paper focuses on the longterm applicability of a coupled hydrometeorological ensemble forecast system based
on the operational meteorological limited-area model COSMO-LEPS. By conducting daily hindcasts over two years (2005 and 2006), this study shall reveal whether
the proposed forecast system is effective under a wide range of weather conditions.
Comparison to a purely deterministic system will show the expected additional
forecast guidance.
• Chapter 5: The results of the Chapters 2 to 4 are summarized and possible further
research goals in this subject are presented.
• Appendix A: On interpreting hydrological change from regional climate
models: Graham et al. (2007). The PRUDENCE project provides a multimodel ensemble for climate projections over Europe on the scale of regional climate
models (grid sizes ∼ 50km). Although regional climate models include full representation of the hydrological cycle and usually resolve the overall water balance,
they typically do not provide sufficient detail to satisfactorily address impacts on
hydrology and water resources. Therefore, hydrological models and routing schemes
are applied to evaluate how differences in the climate models affect estimates of
projected hydrological change. Apart from application of routing schemes, two hydrological models were applied (HBV-Baltic and WASIM). The author contributed
results related to the simulations with WASIM, which consider input from one
RCM and provide a detailed distribution of hydrological results over the given
basin. Shifts in hydrological regimes and changes in snow cover duration are of
most interest aside from the variations in hydrological change due to the different
model chains.
• Appendix B: Probabilistic evaluation of ensemble precipitation forecasts:
Ahrens and Jaun (2008). This book chapter (in "Precipitation: Advances in
Measurement, Estimation and Prediction") is basically an extension of the paper
presented in Chapter 2 (Ahrens and Jaun, 2007). The evaluated time series are
expanded to a total of two years and a new skill score developed by Ahrens and
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Walser (2008), the Mutual Information Skill Score, is applied in the evaluation of
the observational precipitation ensemble.
• Appendix C: MAP D-PHASE: Real-time demonstration of hydrological
ensemble prediction systems: Zappa et al. (2008). A first insight into the
MAP D-PHASE is presented in this paper. Apart from a general overview, some
of the hydrological applications are shown. During the last year of this thesis, the
author was heavily involved in the MAP D-PHASE, contributing quasi-operational
deterministic and probabilistic runoff forecasts, common format definitions for the
hydrological models (including provision of conversion programs to the modeling
community) and work on verification issues. To the actual paper, the author contributed mainly to section C.3.4, presenting some of the used coupled hydrometeorological ensemble prediction systems.
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Abstract
Spatial interpolation of precipitation data is uncertain. How important is this uncertainty
and how can it be considered in evaluation of high-resolution probabilistic precipitation
forecasts? These questions are discussed by experimental evaluation of the COSMO
consortium’s limited–area ensemble prediction system COSMO-LEPS. The applied performance measure is the often used Brier skill score (BSS). The observational references
in the evaluation are (a) analyzed rain gauge data by ordinary Kriging and (b) ensembles
of interpolated rain gauge data by stochastic simulation. This permits the consideration
of either a deterministic reference (the event is observed or not with 100% certainty) or
a probabilistic reference that makes allowance for uncertainties in spatial averaging. The
evaluation experiments show that the evaluation uncertainties are substantial even for
the large area (41 300 km2 ) of Switzerland with a mean rain gauge distance as good as
7 km: the one- to three–day precipitation forecasts have skill decreasing with forecast
lead time but the one- and two–day forecast performances differ not significantly.
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Figure 2.1: Switzerland (total area: 41 300 km2 ) and three catchments named Thur (1 700 km2 ),
Aare (1 200 km2 ), and Hinterrhein (1 500 km2 ). The circles show the locations of
the rain station network ALL and the subset indicated by the red crosses show the
locations of the network SUB.

2.1 Introduction
Weather forecast systems have to be evaluated. Nowadays, limited–area numerical
weather prediction models provide meteorological forecasts with kilometer–scale horizontal grid spacing. High–resolution precipitation forecasts are of primary interest. For
example, in flood forecasting systems the precipitation details are a crucial input parameter.
A typical distance between precipitation observation sites with daily observation frequency in the European Alps is 10 km (cf. Fig.2.1 for the distribution of precipitation
stations in Switzerland). This is a comparatively dense observation network but precipitation is a quantity with high spatial variability. Therefore, it is a valid question to ask
if such a density of observations allows for evaluation of daily precipitation forecasts in
mountainous catchments with a typical area as small as about 1500 km2 .
Recently, ensemble prediction systems (EPS) became operational which predict forecast probabilities by integration of an ensemble of numerical weather prediction models
from slightly different initial states and model parameters (Ehrendorfer, 1997; Palmer,
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2000). The motivation for the EPS is that the spread in the ensemble forecasts indicates
forecast uncertainty and the interpretation of the forecast probabilities provides better
results than interpretation of one single deterministic forecast that is initiated by the best
known but nethertheless uncertain atmospheric state. Zhu et al. (2002) showed with a
simple cost–loss model that for most users the ensemble forecasts offer a higher economic
value than the deterministic forecast.
Here, EPS precipitation forecasts of the limited–area EPS COSMO–LEPS (Montani
et al., 2003) with grid–spacing of 10 km are evaluated for the year 2005 for Switzerland
and for three selected catchments (cf. Fig.2.1). These three catchments are one pre–alpine
catchment, the Thur, and two alpine catchments, the Aare (part of an elongated wet
anomaly extending along the northern rim of the Alps) and the Hinterrhein (relatively
dry inner–alpine area).
For the evaluation exercise presented here, we apply the commonly used Brier skill
score (BSS). The BSS assess the probability forecasts of dichotomous events (e.g. the
probability of more than 10 mm precipitation in the period and area of interest). In
BSS application the observational reference is typically assumed to be certain: the observed event probability is either zero or one. The uncertainty in the observed catchment
precipitation is often neglected.
This and the advantage of generating ensembles of interpolated observational fields,
i.e. a probabilistic reference, through stochastic simulations is discussed in Section 2.4.
Before that we introduce the available observational data and the evaluated limited–
area EPS. Finally, evaluation results with and without observation uncertainty will be
discussed in Section 2.5 and some concluding remarks will be given.

2.2 Precipitation data
This paper investigates precipitation in Switzerland and smaller catchments in the year
2005. The considered temporal resolution of the evaluation is daily. The reference are
precipitation data as observed by the Swiss conventional precipitation station network
available through the national weather service MeteoSwiss with about 430 stations in
2005 and a mean next–neighbor distance of about 7 km. The data from this dense network
is named ALL here. Also considered in the evaluation is a coarser data subset observed
by 65 stations, which are located close to stations of the automatic measurement network
ANETZ of MeteoSwiss with mean next–neighbor station distance of about 17 km. This
subset resembles the data availability in case of near real–time evaluation or in less
densely observed regions and is named SUB. ANETZ data itself is not applied to avoid
problems with mixing of different station types in the evaluation.
The spatial distributions of the two station sets are illustrated in Fig. 2.1. Within the
considered catchments the numbers of stations are of the order of ten in case of ALL but
only of two in case of SUB. Therefore, differences in evaluation with the different data
sets are to be expected.
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2.3 Limited-area prediction system COSMO–LEPS
The experimentally evaluated ensemble data are forecast by the consortium for small–
scale modeling limited–area ensemble prediction system COSMO–LEPS (Montani et al.,
2003, and http://www.cosmo-model.org). The COSMO–LEPS implementation is formally validated in Marsigli et al. (2005). We selected the year 2005 as our evaluation
period, since it has been without major changes in the operational LEPS set–up. In
that period the ensemble size was set to ten and each ensemble member’s forecast with
grid-spacing of 10 km was initiated each day at 1200 UTC. Here precipitation simulations
for the forecast hours 18 to 42 h, 42 to 66 h, and 66 to 90 h (the one-, two-, and three-day
forecasts, respectively) are assessed.
Each LEPS member is nested into a different representative forecast of a coarser–grid
global EPS (the operational ensemble forecast of the European Centre of Medium Range
Forecasts, Reading). These representative global members are selected by grouping the
global members into ten clusters based on the analysis of wind and vorticity fields over
a domain covering most of Europe (Molteni et al., 2001). From each cluster the central
member (with minimum distance to all cluster members) is chosen to host a limited–area
forecast. In the evaluation presented below we consider limited–area EPS members either
weighted with cluster size or not.
Figure 2.2 shows the one-day forecast of the LEPS member that is driven by the
most representative member (the central member from the cluster with about 25% of
the global members) for 21 August 2005. This precipitation event led to major flooding
in the northern European Alps. Also given in Fig. 2.2 are interpolated precipitation
observations (cf. next section). The forecast depicts the coarse–scale features of the
precipitation pattern but also over-estimates precipitation substantially in the central
region of the event.

2.4 Evaluation method
The direct model output at grid–box scale should not be applied and some temporal and
spatial smoothing of the output is recommended for being numerically representative
(e.g. Grasso, 2000; Ahrens et al., 2003). Here, daily catchment means of precipitation are
evaluated with averages over at least 15 model grid–boxes and thus the forecasts can be
assumed representative. But how to estimate representative observational references from
the limited number of rain gauge stations available? This has to be done by interpolation
and averaging to the catchment scale.
Here, we apply ordinary Kriging with a spherical variogram model as one interpolation method. Kriging variants are often proposed and applied in precipitation analysis
(Creutin and Obled, 1982; Atkinson and Lloyd, 1998; Beck and Ahrens, 2004). For the
necessary variogram estimation we adopted a sub-optimal but robust approach (Ahrens
and Beck, 2008). From the daily data of the year 2005 we estimated from standardized
observations a climatological variogram range to about 40 km with a sill of 1 (mm/d)2 (by
construction). For daily analyses the sill is rescaled with the data variance. For either
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Figure 2.2: Precipitation of 21 Aug. 2005 in Switzerland as interpolated by Kriging (upper left
panel), by stochastic simulation with ALL stations (upper right) or SUB stations
(lower left), and as predicted by a 1–day forecast of the most representative COSMO–
LEPS member (lower right). The locations of the considered stations are indicated
by small circles.
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data set, ALL and SUB, a local neighborhood of 8 stations is considered in interpolation.
Figure 2.2 shows the Kriging analysis for the day 21 August 2005 with ALL data.
Kriging is an example of a data–fitting technique. Therefore, it is expected that the
interpolated fields underestimate the true field variance (the smoothing relationship of
Kriging states that the interpolated field variance at any location is the data variance
minus the Kriging variance) with the consequence that the variance of the catchment
time series is underestimated. More important in evaluation is that the estimation of the
interpolation errors is extremely difficult in case of precipitation since the stationarity and
normality assumptions of Kriging are not very well fulfilled. Here, the areal precipitation
estimate through ordinary Kriging is considered a deterministic observational reference
(DOR) because no uncertainty in interpolation is considered.
An alternative interpolation approach is based on stochastic simulation of an ensemble
of precipitation fields with conditioning on the available station data. The idea is to
simulate stochastically field realizations that “honor” the observed data, their point values, their areal mean, and their covariance structure (Journel, 1974; Chilès and Delfiner,
1999; Ahrens and Beck, 2008). Therefore, the spatial variability is represented more
realistically in the stochastic realizations than in Kriging. For the evaluation exercise
a large ensemble of observation–based realizations is generated and thus a probabilistic
observational reference (POR) is available. This allows the comparison of probabilistic
EPS forecasts against the POR by comparison of probability distributions. Additionally,
an ensemble of comparisons against the multiple realizations reference (MRR) of the observational ensemble can be performed and the spread in these comparisons provides a
precision measure for the evaluation without troublesome estimation and interpretation
of the Kriging variance. Averaging the ensemble of observation–based realizations yields
a data–fitting technique (and this mean interpolator is thus smoother than any ensemble
member) and is in the limit of large ensembles equivalent to a Kriging approach. The
ensemble average yields another DOR in the following evaluation.
Stochastic interpolation is done by conditioned sequential Gaussian simulation (e.g.,
Johnson, 1987; Chilès and Delfiner, 1999, Chap. 7) as it is implemented in the geostatistical software package gstat (Pebesma, 2004). Sequential simulation involves the generation
of a Gaussian random field, conditioned to the observed data, that honors the variogram
of the random field. Since daily precipitation is a non–Gaussian, non–negative process,
the data has been normalized by a logarithmic transformation and applying variogram
estimates for the transformed data based on rescaling of the climatological variogram
with an estimated climatological range of about 100 km. For each day and data set an
ensemble of realizations with one hundred members is generated and applied in the following comparisons. Each ensemble member is less accurate than the Kriging analysis
in a squared–error sense by construction, but respects the covariance structure given by
the observations.
Figure 2.2 shows two realizations of stochastic interpolation: one is conditioned on
ALL and the other on SUB observations. As expected the stochastic interpolation is
rougher than Kriging. Additionally, it can be seen that the conditioning by ALL is more
restrictive than by SUB by comparison with the Kriging interpolation of the dense ALL
network data. Figure 2.3 illustrates that in case of the SUB network there is even for
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Figure 2.3: The median LEPS 1-day forecasts versus the median observation–based stochastic
interpolations of the SUB network. The precipitation values are daily and Swiss
averages. The bars indicate the 90 % confidence intervals of the forecasts (red) and
of the interpolations (blue). The thick black lines give the 90th percentiles of the
interpolations (10.5 mm/d) and the forecasts (13.8 mm/d).

daily and Swiss averages substantial scatter in the observational reference. The scatter
is even larger for the smaller catchments (not shown).
Optimal interpolation of precipitation fields is an active field of research. The remaining deficiencies of the Kriging analysis and stochastic simulation upscaling motivate the
discussion of the advantages of PORs over DORs. Nevertheless, the applied methods are
state–of–the–art for daily high–resolution precipitation interpolation.
An often applied performance measure in evaluation of probabilistic forecasts also
applied here is the Brier skill score, BSS, (cf. Stanski et al., 1989; Wilks, 2006, and
references wherein). The BSS compares probability forecasts Yt = P (yt ≤ y0 ) at dates
t = 1, 2, . . . , T of forecast events yt ≤ y0 (y0 is a chosen event threshold: e.g. 10 mm/d in
case of precipitation forecasts yt ) with the observed event probabilities Ot = P (xt ≤ x0 )
of some observational quantity xt with related threshold x0 . Commonly, the observations
are assumed perfect and thus Ot ∈ {0, 1} – the event occurred or did not. This is the
assumption made in evaluation with DOR. Figure 2.3 shows that our knowledge about
observed event occurrence is uncertain: for several precipitation days the 90th percentile
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threshold is within the confidence interval of the reference values. Therefore, POR has
to be applied and the Ot ’s codomain is the interval [0, 1].
The BSS is defined by
BS(Y, O)
BSS = 1 −
(2.1)
BS(C, O)
with the Brier score
BS(Y, O) = 1/T

T
X

(Yt − Ot )2

(2.2)

t=1

The BS is essentially the mean squared error of the probabilistic forecast. The BS(C, O)
of some climatological forecast C is introduced as a reference forecast in the BSS for
normalization. The skill score equals one in case of perfect forecasts (a perfect forecast of
an uncertain observational reference is uncertain itself) and zero if the evaluated forecast
skill compares to the skill of the climatology.
The estimation of forecast probabilities from small EPS leads to biased BSS values
(Müller et al., 2005). The COSMO–LEPS ensemble size is ten only. Therefore, we
de-biased the BSS following Weigel et al. (2007a). The climatological probability of
some precipitation forecast threshold can not be estimated reliably because of the short
period of available COSMO–LEPS data. We applied instead the 90th percentiles in 2005
depending on the data–set (forecast or observation–based, catchment) as thresholds. For
example, the threshold for the kriged reference with ALL data in Switzerland is 9.5 mm/d,
for the stochastically interpolated realizations 9.7 mm/d, and for the EPS forecasts about
13.5 mm/d. This data–set dependent selection of thresholds is equivalent to some forecast
post–processing and improves the BSS.

2.5 Results
As mentioned above the probabilistic EPS forecasts are usually compared against deterministic references (DORs). This paper generates DORs either by Kriging or by averaging ensembles of stochastic interpolations of the precipitation observations followed
by averaging to the evaluation areas. For large ensembles applying the same variogram
models etc. these references converge. Here, the observational ensemble consists of one
hundred members and there are differences in the climatological variogram and data
normalization. Table 2.1 shows that these differences yield differences in the BSS. It is
interesting to note that the second method gives slightly better BSS in the larger and
relatively better observed areas (Switzerland and Thur) and slightly worse results in the
more difficult areas (Hinterrhein and Aare with relatively less observations, but also, as
the smaller BSS values indicate, the more challenging forecast regions).
Table 2.1 also shows the inter-quartile range of BSS values if the probabilistic forecasts
are compared against the stochastic MRRs. The spread is substantial and larger than the
differences between the deterministic results. For example, taking the spread into account
the performance of one- or two-day forecasts for Switzerland do not differ significantly
(the inter-quartile ranges overlap) for the 10 % heaviest rain events which are evaluated

19

2 On evaluation of ensemble precipitation forecasts with observation–based ensembles
1 day
DOR
MRR
POR

.44 / .45
.44-.48
.48

DOR
MRR
POR

.44 / .46
.39-.44
.45

DOR
MRR
POR

.20 / .18
.18-.20
.20

DOR
MRR
POR

.37 / .36
.31-.36
.38

2 days
Switzerland
.42 / .45
.43-.45
.46
Thur
.36 / .37
.32-.37
.37
Hinterrhein
.18 / .17
.17-.18
.18
Aare
.29 / .20
.18-.22
.23

3 days
.36 / .33
.31-.33
.34
.27 / .28
.24-.28
.28
.19 / .17
.17-.20
.19
.25 / .21
.21-.24
.26

Table 2.1: BSS values for the 1-,2-, and 3-day COSMO–LEPS forecasts with weighted members. Different observational references based on ALL observations are applied in
the BSS estimation: (a) deterministic observational references (DOR) by Kriging /
averaging of ensembles of stochastically interpolated fields, (b) multiple stochastic
realizations (MRR) yielding an BSS ensemble (the first and third quartiles of the
BSS distributions are given), and (c) probabilistic references (POR).

in this paper. The forecasts for the Hinterrhein are less good as for the other areas and
there is no significant difference between one-, two-, and even three–day forecasts. In this
area only rather large–scale rain events are well forecasted and those are well represented
in the EPS quite independent of the forecast lead time (not shown).
Also given in the Table are the BSSs if the probabilistic forecasts are evaluated against
PORs. These BSSs tend to be better than for the deterministic or single member evaluations. This is not surprising since in this case Ot can take values between zero and
one and—remembering that the BS is a quadratic difference—this leads to smaller BSs
and larger BSSs as long as the observational uncertainty is smaller than the forecast uncertainty. This is a welcome feature since an uncertainty in the observational reference
should not punish the forecasts.
Figure 2.4 clearly shows that the evaluation uncertainty is larger for the smaller Aare
catchment than for Switzerland. At the same time the forecast performance is at least
one day better in the larger area. Again the consideration of the reference uncertainty
through the PORs increases the BSSs. The difference in probabilistic or deterministic
reference evaluation is especially large, as expected, in the Aare catchment if the coarse
observation network SUB is considered.
As mentioned in Section 2.3 the LEPS members can be weighted by the size of the
global forecast clusters. This should lead to better forecasts in general but not necessarily for Switzerland since the clustering is based on large–scale weather patterns.
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Forecast Day

Figure 2.4: BSSs of ensemble forecasts in the Swiss and Aare areas. The darker symbols (black,
dark red) indicate evaluation against the probabilistic reference, the lighter symbols
(grey, light red) indicate evaluation against the deterministic ensemble mean reference, the bars indicate the inter-quartile range of evaluation results against single
members of the observational ensemble, and the filled and unfilled symbols and bars
show the results for the networks ALL and SUB, respectively. Bullets and squares
with the close–by bars discriminate between weighted and unweighted forecast ensembles, respectively.

Figure 2.4 indicates that the one-day forecast for Switzerland is insignificantly better
with unweighted members and that for two- and three-day forecast weighting marginally
improves the forecasts. In case of the smaller Aare area the weighting is detrimental
for one- and two-day forecasts. Non–uniform weighting decreases the spread in the forecast ensembles (the inter-quartile ranges in the forecast ensemble are 2.8 mm/d for the
weighted and 2.9 mm/d for the unweighted one-day forecasts in the year–long average)
and thus yields more extreme Yt s and smaller BSS values. For longer lead times the evaluation areas are increasingly influenced by large–scale weather patterns leading to the
global clusters and thus the optimal selection of the global representative members yields
an increase in spread (4.6 mm/d with and 4.5 mm/d without for three–day forecasts) and
this favors weighting (although insignificantly because of the evaluation uncertainty).

21

2 On evaluation of ensemble precipitation forecasts with observation–based ensembles

2.6 Conclusions
It is common practice in evaluation of probabilistic areal precipitation forecasts that the
observational reference is assumed perfect neglecting spatial interpolation errors. This
paper shows that generating ensembles of stochastically interpolated fields conditioned
on the available data is a simple method for consideration of interpolation uncertainty
in the evaluation. These ensembles allow the determination of ensembles of comparisons
if the forecast is compared against every single ensemble member. The spread in the
comparison ensemble easily delivers an evaluation uncertainty. This is demonstrated by
estimation of ensembles of Brier skill score (BSS) values in evaluation. Additionally, the
observational ensembles can be considered as a probabilistic reference in a probabilistic
evaluation. This yields higher BSS values than with single, deterministic reference evaluation, and this is fair since in doubt it should be assumed that the forecasts perform well.
Therefore, we suggest application of a reference ensemble for (a) estimation of evaluation
uncertainty and (b) the estimation of the potentially best performance of the forecast
given the reference’s uncertainty.
Additional sources of evaluation uncertainty have to be considered besides horizontal
interpolation errors. In mountainous areas the vertically inhomogeneous distribution of
stations can lead to systematic errors. Further, wind and evaporation loss of the rain
gauges yields precipitation under-catch up to several ten percent. These error sources
additionally illustrate how challenging the evaluation of precipitation forecasts in small
areas is and will be with ever increasing resolution of forecasts and forecast applications.
Acknowledgments. Data are provided by MeteoSwiss, Zurich. S.J. acknowledges support through NCCR-Climate.
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Abstract
Appropriate precautions in the case of flood occurrence often require long lead times
(several days) in hydrological forecasting. This in turn implies large uncertainties that are
mainly inherited from the meteorological precipitation forecast. Here we present a case
study of the extreme flood event of August 2005 in the Swiss part of the Rhine catchment
(total area 34,550 km2 ). This event caused tremendous damage and was associated with
precipitation amounts and flood peaks with return periods beyond 10 to 100 years. To
deal with the underlying intrinsic predictability limitations, a probabilistic forecasting
system is tested, which is based on a hydrological-meteorological ensemble prediction
system. The meteorological component of the system is the operational limited-area
COSMO-LEPS that downscales the ECMWF ensemble prediction system to a horizontal
resolution of 10 km, while the hydrological component is based on the semi-distributed
hydrological model PREVAH with a spatial resolution of 500 m. We document the setup
of the coupled system and assess its performance for the flood event under consideration.
We show that the probabilistic meteorological-hydrological ensemble prediction chain
is quite effective and provides additional guidance for extreme event forecasting, in comparison to a purely deterministic forecasting system. For the case studied, it is also
shown that most of the benefits of the probabilistic approach may be realized with a
comparatively small ensemble size of 10 members.
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Figure 3.1: Estimates of observed precipitation [mm] for 21-22 August derived from radar and
rain gauge data (Figure: Christoph Frei, published in MeteoSchweiz (2006)).

3.1 Introduction
During the period from 19 to 23 August 2005, Switzerland and neighbouring countries
were hit by a heavy precipitation event. Because of a predisposed hydrological situation,
the soils were already saturated and could not absorb the additional intense rainfall of
up to 300 mm within 48 hours (cf. Fig. 3.1). As a consequence, the water levels in
rivers and lakes rose dramatically, causing flooding in many regions. In areas with steep
terrain, landslides and mudflows occured and many people had to be evacuated. Several
fatalities resulted and the total financial losses reached approximately 3 billion Swiss
Francs (MeteoSchweiz, 2006; Bezzola and Hegg, 2007).
In order to plan appropriate measures to mitigate the effects of such extreme precipitation events, hydrological forecasts with long lead times (> 24 h) are needed. For
the horizontal scales considered, such forecasts are only possible with the use of coupled
hydrometeorological models, driven by quantitative precipitation forecasts (QPF). Long
lead times are accompanied by larger uncertainties, especially for meteorological forecasts. As it would be imprudent to simply ignore these uncertainties (Pappenberger and
Beven, 2006), probabilistic forecasts can be applied. Probabilistic forecasts in terms of
ensemble forecasts are established for operational meteorological forecasts and are now
more frequently used for hydrological problems (e.g., Pappenberger et al., 2005; Roulin
and Vannitsem, 2005; Siccardi et al., 2005; Rousset et al., 2007; Komma et al., 2007;
Verbunt et al., 2007).
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Figure 3.2: Catchment overview, showing the defined catchments with respective identifier (C1,
..., C23) upstream of the Rheinfelden gauge (cf. Table 3.1).

In general, the output uncertainty of a hydrological model is affected by several components. The main sources of uncertainty consist of the initialization uncertainty (i.e.
the initial state of the model), the model uncertainty (uncertainty from parameters and
the conceptualization) and the input uncertainty (uncertainty from the meteorological
data used to drive the model) (Vrugt et al., 2005). In this work, the main focus will
be on the input uncertainty, as forecasted meteorological data is regarded as the most
uncertain component (Todini, 2004).
Meteorological ensemble prediction systems (EPSs) are operationally available at the
global scale from, e.g., the U.S. National Center for Environmental Predictions (NCEP,
Toth and Kalnay, 1997), the European Centre for Medium Range Weather Forecasts
(ECMWF, Molteni et al., 1996) and the Meteorological Center of Canada (MSC, Houtekamer
et al., 1996). The spread of the ensemble members represents mainly the initialization
uncertainty of the meteorological model, which is considered as the main source of uncertainty for large scale atmospheric patterns in forecasts up to 3-5 days (Buizza, 2003).
As these large scale numerical models are not accurate at modeling local weather, because local sub-grid scale features and dynamics are not resolved, dynamical downscaling
methods are applied by use of a limited area model (e.g., COSMO-LEPS, nested into
the ECMWF ensemble, described in the following section). In terms of computational
time, a dynamical downscaling is expensive and thus it is not feasible to downscale the
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Table 3.1: Catchment identifiers with names of the respective rivers and gauges as well as the
size of the catchments.

identifier
C1
C2
C3
C4
C5
C6
C7
C8
C9
C10
C11
C12
C13
C14
C15
C16
C17
C18
C19
C20
C21
C22
C23

river
Hinterrhein
Vorderrhein
Rhine
Landquart
Ill
Rhine
Rhine
Thur
Rhine
Aare
Aare
Aare
Aare
Emme
Aare
Linth
Limmat
Limmat
Reuss
Reuss
Reuss
Aare
Rhine

gauge
Furstenau
Ilanz
Domat-Ems
Felsenbach
Gisingen (A)
Diepoldsau
Neuhausen
Andelfingen
Rekingen
Ringgenberg
Thun
Hagneck
Brugg-Agerten
Wiler
Brugg
Weesen
Zurich
Baden
Seedorf
Luzern
Mellingen
Untersiggenthal
Rheinfelden

size [km2 ]
1575
776
3229
616
1281
6119
11’887
1696
14’718
1129
2490
5128
8217
939
11750
1061
2176
2396
832
2251
3382
17’625
34’550

full global ensemble for everyday operational applications. Therefore the ensembles are
normally reduced and only a subset of its members is used.
In an earlier study, the effect of this reduction of ensemble size on spread was investigated for a coupled meteorological-hydrological ensemble system (Verbunt et al.,
2007). Here, we investigate the reprensentativeness of the reduced ensemble by means
of quantitative statistics and discuss problems associated with its interpretation. This
complementary approach was chosen in order to analyse all the information contained
in the ensemble, as spread alone indicates only the expected uncertainty of the forecast,
and not its actual skill. This is an important question with regard to the usability of a
probability forecast during an extreme event.
This paper investigates the benefit of using a coupled meteorological-hydrological ensemble approach for extreme flood forecasting, using the August 2005 event as a case
study. In addition to selected gauges, the full extent of the study area is considered,
which consists of the upper Rhine basin down to the gauge Rheinfelden, encompassing
an overall area of 34,550 km2 . To account for inhomogeneities in topography, atmospheric
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processes and runoff regimes, the domain is further divided into 23 subcatchments (cf.
Fig. 3.2), based on the setup described in Verbunt et al. (2006).

3.2 Methods
3.2.1 Deterministic forecasting system
The deterministic hydrological forecasts were driven by the operational weather forecast
model aLMo (recently renamed to COSMO-7). This model is the MeteoSwiss implementation of the COSMO model (Consortium for Small-scale Modeling, Steppeler et al.,
2003), using a horizontal grid-spacing of 0.0625 degrees (7 km) and 45 model levels. Six
meteorological surface variables (temperature, precipitation, humidity, wind, sunshine
duration derived from cloud cover, global radiation) are downscaled to 500 m grid-spacing
(bilinear interpolation, temperature adjusted according to elevation by adopting a constant lapse rate of 0.65◦ C/100 m), to meet the grid size requirements of the hydrological
model.
The semi-distributed hydrological model PREVAH (Viviroli et al., 2007) is then applied with hourly time steps, resulting in a deterministic 72 h hydrological forecast (subsequently referred to as HALMO). PREVAH (Preciptation Runoff EVApotranspiration
Hydrotope) uses hydrologic response units (HRUs, Flügel, 1997) and the runoff generation module is based on the conception of the HBV-model (Bergström and Forsman,
1973; Lindström et al., 1997), adapted to a spatially distributed application. Further information on the model physics, structure, interpolation methods and parameterisations
can be found in Gurtz et al. (1999), Gurtz et al. (2003) and Zappa (2002). The initial
conditions of the hydrological model are obtained from a continuous reference simulation
driven by meteorological observations (HREF).

3.2.2 Ensemble prediction system
The meteorological ensembles originate from the operational global atmospheric EPS
of ECMWF with 51 members. The global atmospheric model is run with a horizontal resolution of T255 (equivalent to about 80 x 80 km2 ) using 40 vertical model levels.
The generation of the ensemble is based on singular vectors to create optimally perturbed initial states (Buizza and Palmer, 1995). This information is downscaled by the
limited-area EPS COSMO-LEPS (Marsigli et al., 2005; Montani et al., 2003). Due to
computational constraints, the operational COSMO-LEPS refines a subsample of 10 representative ensemble members, selected by a cluster analysis (Molteni et al., 2001). Prior
to the clustering analysis, the preceding EPS simulation from the previous day is combined with the actual forecast. Hence the clustering is applied to a recombined ensemble
consisting of 102 members. This procedure, using ’old’ forecast information, generally
results in a widening of spread of the reduced ensemble. The clustering identifies similar
circulation patterns based on the analysis of wind, geopotential and humidity on three
pressure levels (500 hPa, 700 hPa, 850 hPa) for two lead times (96 h, 120 h).
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Figure 3.3: Defined event period (red, 21/08/2005 12 UTC – 23/08/2005 24 UTC) with overlapping simulation ranges. The bars indicate the forecast periods of the ensembles
(HEPS, 120 h) and the deterministic run (HALMO, 72 h). The dashed lines indicate
the extension of the deterministic simulations to 120 h (see text for details).

From the resulting 10 clusters, the respective representative cluster members (RM)
are selected and dynamically downscaled over a domain covering central and southern
Europe. These ensemble members are run on a rotated spherical grid with a horizontal grid-spacing of 0.09◦ x 0.09◦ , equivalent to about 10 x 10 km2 , and 32 model levels
(LEPS10). They are run up to 132 hours with a three-hourly output interval.
The resulting high-resolution meteorological ensemble forces a hydrological ensemble
prediction system (HEPS10). The treatment of the meteorological variables is analogous
to the treatment of the aLMo variables. The cluster sizes can optionally be used to
weight the RMs of HEPS10 (HEPS10w). No additional perturbations were realised at
the level of the hydrological model, e.g., for consideration of initialization uncertainties.
For the period of the case study considered and in distinction to the operational
COSMO-LEPS, the full 51-member EPS was downscaled by using the LEPS methodology, nesting the COSMO model on each EPS member. The resulting full ensemble
(HEPS51) will be used to assess the potential loss in forecast skill associated with the
reduction of the ensemble size through cluster techniques.

3.2.3 Set-up of simulations
For the quantitative analysis we focus upon a 60-hour time window (cf. Fig. 3.3) covering
the event period (21/08/2005, 12 UTC – 23/08/2005, 24 UTC). Forecast performance will
be assessed for three different overlapping forecast periods, with forecasts initialized at 00
UTC on August 19, 20 and 21 (corresponding to maximum lead times of 120 h, 96 h, 72 h,
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respectively). For each of these forecast periods consideration is given to the HALMO,
HEPS10 and HEPS51 forecasts.
The meteorological EPS forecasts are initialized at 12 UTC and span 132 h. The first
12 h are not considered for the hydrological coupling, resulting in a forecast range of
120 h. This cutoff considers the temporal availability of the operational forecasts.
As the forecast of HALMO only spans 72 h, it was extended to the 120 h forecast range
of HEPS10 and HEPS51 by using persistence for all meteorological variables, except
precipitation, which was set to zero. This is justified for the HALMO simulation starting
on August 20, as the forecast range contains most of the precipitation leading to the
event, but bears some simplification for the HALMO simulation starting on August 19.

3.2.4 Validation methodology
Event discharges were estimated for the defined event period of 60 h, in order to assess
the representation of runoff volumes by the model chain.
Exceedance probabilities were calculated for the aforementioned 60-hour time window
(cf. Fig. 3.3) for an event size corresponding to a 10 year recurrence period. For each of
the 23 catchments considered, the corresponding discharge thresholds were taken from
estimates of the Swiss Federal Office for the Environment (published on the internet, see
http://www.bafu.admin.ch/hydrologie). This analysis targets the occurrence of flood
peaks, but does not assess the timing of the forecast.
To perform a probabilistic verification of the time series within the time window considered, we use the Brier skill score (BSS) described in Wilks (2006). This score is widely
used for the evaluation of probabilistic forecasts in meteorological sciences (e.g., Nurmi,
2003). In deterministic hydrological applications, the Nash-Sutcliffe coefficient (E) (Nash
and Sutcliffe, 1970) is widely used for evaluation purposes (Legates and McCabe, 1999;
Ahrens, 2003). By briefly introducing both scores (BSS and E), it will be demonstrated
that the BSS can be regarded as a probabilistic analogue of E.
The usual formulation of E is given by
Pn
(ot − yt )2
M SE
E = 1 − Pt=1
=1−
.
(3.1)
n
2
M SEref
t=1 (ot − ō)
Here yt and ot denote the forecasted and observed time series, respectively, and ō the
mean of the observations over the forecast period. The right-hand side of Eq. (3.1) shows
that E may be interpreted as the skill score associated with the mean squared error
(M SE). As any skill score, it measures the improvement of a forecast relative to a
reference forecast (here taken as a forecast of the correct mean discharge ō). This is
consistent with the interpretation of E as the coefficient of determination (representing
the fraction of variability in ot that is contained in yt ).
The BSS is based on the Brier score (BS) where
n

BS =

1X
(pyt − pot )2 .
n

(3.2)

t=1
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It represents the mean squared error of the probability forecast, where pyt denotes the
forecasted probability for the occurrence of the event, and pot describes the observation
at the corresponding time step t (with n denoting the number of time steps). If the event
is observed (not observed) at time t, we have pot = 1 (pot = 0). The BS is bounded by
zero and one. While a perfect forecast would result in BS = 0, less accurate forecasts
receive higher sores. A comparison of the BS against the mean squared error (M SE)
shows the analogy between the two measures. The two scores only differ in that the
squared differences are taken from the effective value of the forecasted variable in the
case of the M SE, while for the BS they are taken from the forecast probabilities and the
subsequent binary observations (Wilks, 2006). The BSS is finally obtained by relating
the BS of the forecast to the BS of a reference forecast according to
BSS = 1 −

BS
.
BSref

(3.3)

The BSS can take values in the range −∞ ≤ BSS ≤ 1. Whereas BSS > 0 indicates an
improvement over the reference forecast, a forecast with BSS ≤ 0 lacks skill with respect
to the reference forecast.
In meteorological applications, the reference forecast is usually taken as the climatological event frequency. Here instead we use the observed event frequency as reference,
i.e.
n

BSref =

1X
(po
¯ − pot )2 ,
n

(3.4)

t=1

where po
¯ denotes the frequency of observed occurrence of the event in the n time steps
considered. Comparing Eq. (3.3) and Eq. (3.4) with Eq. (3.1), an analogy between BSS
and E (consistent with the above argumentation regarding BS and M SE) emerges and
E can be interpreted in the same way as BSS for probabilistic forecasts. E can take
values in the range −∞ ≤ E ≤ 1, with E > 0 indicating an improvement over forecasting
the observed event mean, while E ≤ 0 shows no additional skill. As a consequence, BSS
as defined above, can be regarded as the probabilistic representation of E. We use the
observed event frequency during the respective forecast period for three main reasons:
(a) to resolve the temporal evolution of the runoff peak also for catchments not reaching
extreme runoff values (catchment and event specific thresholds), (b) to circumvent the
sometimes uncertain statistics of recurrence period calculations for extreme events and
(c) to gain the possibility to directly compare the validation of forecasted runoff to the
validation of forecasted areal precipitation.
The same score as for runoff (BSS) is also calculated for observed spatially interpolated
precipitation used to drive HREF and the respective quantitative precipitation forecasts
(from aLMo, LEPS10 and LEPS51), aggregated over the catchment areas. The time
window for precipitation analysis (60 h, cf. Fig. 3.3) was shifted backwards by 6 hours,
considering the retarding effect of the hydrological system, therefore slightly reducing
the maximum forecast lead times.
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Figure 3.4: Hydrological hindcast, starting the 20th of August for gauge Hagneck (C12,
5170 km2 ) in the Aare watershed. HEPS10w (red) is shown with corresponding
IQR and median, the same for HEPS51 (blue). The varying thickness of the red
lines corresponds to the weight of the respective RM. Additionally, the deterministic run HALMO (black), measured runoff (dark blue) and the reference simulation
HREF (green) are shown. Spatially interpolated observed precipitation (catchment
mean) is plotted from the top.

In this paper we chose the median of HREF (for precipitation the median of the
observation) during the event period as the threshold for event occurrence, and thus
define the ’observed’ event frequency as 0.5. We substitute the runoff observations with
HREF to eliminate the additional uncertainties introduced by the hydrological model.
This allows us to concentrate on the ensemble properties of the forecasts. The worst
possible forecast (in terms of BSS) would be one that misses all occurring events, while
forecasting events at all time steps with no event occurrence in the reference run. With
the given reference event occurrence probability of 0.5, this would result in a BSS = −3.

3.3 Results and Discussion
3.3.1 Analysis in selected catchments
Figures 3.4 and 3.5 allow us to discuss important features of a probabilistic hydrologic
forecast. Hydrological hindcasts forced by the presented meteorological systems are
shown, starting on August 20th for selected gauges. The forecasts correspond to the
96 h maximum forecast lead time, as defined in Fig. 3.3.
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Figure 3.5: The same as for Fig. 3.4 but for gauge Mellingen (C21, 3420 km2 ) in the Reuss
watershed.

The deterministic simulation HALMO shown in Fig. 3.4 performs quite well, but does
not allow for any quantification of the uncertainty in operational mode. For extreme
events, forecast systems cannot be evaluated a priori due to a lack of statistical data
regarding similar situations. The need for this is evident, as shown in Fig. 3.5, where
HALMO strongly overpredicts the event, reaching values of the most extreme HEPS10w
ensemble member. This demonstrates the ability of the ensemble to classify a corresponding deterministic forecast in terms of occurrence probability, i.e. whether the deterministic forecast is likely or not. Therefore the spread of the ensemble can be interpreted as
the uncertainty of the deterministic simulation, given that the deterministic and probabilistic runs are based on the same model chain. In a strict probabilistic view, the
deterministic simulation would actually be only an additional ensemble member, which
could potentially be given more weight taking into account its higher resolution.
In Fig. 3.4 the median of the full ensemble almost perfectly captures the observed runoff
peak. The use of the ensemble median or mean is sometimes proposed in order to reduce
the complexity of an ensemble interpretation, and thereby converting the ensemble into
a deterministic simulation. This is discouraged however (Collier, 2007), because such a
reduction can compromise an evaluation as shown by Ahrens and Walser (2008). Indeed,
the median of HEPS10w completely misses the runoff peak, in contrast to that of the
full ensemble (HEPS51). In contrast to the ensemble median, the interquartile range
(IQR) from the HEPS10w differs only slightly from the HEPS51 IQR, indicating a proper
representation of the full ensemble. The observed runoff is well captured by the IQR of
both the full and the reduced ensembles.
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Figure 3.6: Simulated runoff exceeding HQ10 during the defined event period for three different
lead times (120 h, 96 h, 72 h). Red framed boxes mark stations where the measured
runoff reached HQ10. The darker the grey tones, the bigger the fraction of the
respective ensembles reaching the threshold (black and white for the deterministic
HALMO run).

In Fig. 3.5, the HEPS51 IQR again captures the observed runoff. The HEPS10w IQR
on the other hand, is lower and does not capture the observed runoff perfectly, and is
therefore less representative of the full ensemble than in Fig. 3.4. The influence of a
less than optimal representation of the full ensemble is discussed later. HREF (Fig. 3.5)
peaks too early and is too low, probably an effect of the simplified representation of lakes
within the model (linear storages; Verbunt et al., 2006), without consideration of lake
regulations. In both, Fig. 3.4 and 3.5, the spread of each ensemble, which represent the
uncertainty of the ensemble forecast, grows rapidly before narrowing again towards the
end of the event. This behavior cannot be represented by the error statistics of a deterministic forecasting system, which would yield an uncertainty, that grows monotonically
in time.

3.3.2 Assessment of exceedance probability of flood thresholds
In the previous subsection only two selected catchments were discussed. In order to
evaluate the performance of the system over the full study area during the event period
(cf. Fig. 3.3), exceedance probabilities for a 10 year recurring event (HQ10) were tested.
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The red framed boxes in Fig. 3.6 indicate catchments where observed runoff exceeded
the HQ10. The sub-squares represent the different lead times for HEPS51, HEPS10w,
HEPS10 and HALMO. The different grey tones show the fraction of the respective ensembles reaching the threshold. Thus, black indicates an exceedance of the HQ10 with
a 100% probability and white indicates that this threshold was not reached by any of
the ensemble members. For HALMO, the boxes are either black or white. In general,
most catchments where observed runoff exceeded the HQ10 (i.e. red framed boxes), show
darker sub-boxes, indicating that the models often also reached an HQ10 at least once
within the time-window.
One exception to this is catchment C6. Here, simulations were not able to capture the
runoff peak during the event, although the general simulation performance during calibration/verification shows no noticeable problem (Nash-Sutcliffe coefficient: 0.87/0.81).
A closer look at an event occurring in 1999, reveals that runoff simulations for C6 also
underestimated this event. A calibration giving more weight to correctly resolved extreme peaks might help in this case (although possibly at the expense of the overall
performance).
The large-scale precipitation pattern (cf. Fig. 3.1) and the resulting pattern of peak
runoffs (cf. Fig. 3.6) with peak intensity along the northern slope of the Alps is generally
well captured by the meteorological-hydrological modeling system. Even the deterministic simulation HALMO (last row in Fig. 3.6) shows surprisingly good results (note that
the 120 h lead time simulation is contaminated by the extension past its true forecast
range, cf. Fig. 3.3). The positive results at 96 h and 72 h can be attributed to the generally
high atmospheric predictability of the event (Hohenegger et al., 2008).
It should be mentioned, that an evaluation based on one single threshold (i.e. exceedance of HQ10) does not penalise a forecast that overshoots this threshold. While
the spatial distribution of the deterministic QPF was quite accurate, an overprediction
certainly occurred in the case of the forecast with the shortest lead time (72 h) (MeteoSchweiz, 2006), which artificially enhances the skill in those catchment where the
observation exceeded the threshold.
HEPS51 shows some advantage over the reduced ensembles, especially for the longest
lead time (120 h), and only a marginal difference is visible between HEPS10 and HEPS10w.
The ensembles show some clear advantages over the deterministic simulation when observed runoff values are either just below or above the threshold (e.g., C23 with an event
peak reaching a recurrence period of 5 to 10 years). While the deterministic simulation
can provide only ’yes’ or ’no’ information, around half of the members from the three
ensembles reached the threshold, with the other half remaining below, actually providing
reliable forecast information and demonstrating the advantage of a "smoothed" threshold. Tests using HQ50 instead of HQ10 (not shown) yield very similar results, although
the fraction of catchments reaching the threshold is smaller, resulting in a slight increase
of the overall false-alarm rate (especially occurring for the shortest lead time). It is important to keep in mind, that a possible forecast product based on a figure similar to
that in Fig. 3.6 only provides a quick overview as to where the situation could become
critical. In practical applications however, it should be used in combination with the
related hydrograph plots (cf. Fig. 3.4).
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Figure 3.7: Event discharges (mm/60h) for observed runoff (black), HREF (turquoise), HALMO
(yellow), and whisker plots for the ensemble forecasts HEPS51 (blue), HEPS10
(green) and HEPS10w (red). Results are presented for the two catchments previously shown in Fig. 3.4 and 3.5 (C12, C21) and the catchment C23, representing
the whole study area. All displayed forecasts are started the 20th of August.

3.3.3 Evaluation of the event discharge
Figure 3.7 shows the event discharges for the two example catchments in Fig. 3.4 and 3.5
(C12, C21) and catchment C23, which captures the out-flow from all catchments and
thus represents the entire study area. Results from hindcasts starting on the 20th of
August, corresponding to 96 h lead time, are shown. The ensemble spreads for HEPS51
nicely capture both observed runoff and HREF in all three catchments. The weighted
ensemble HEPS10w improves the results with respect to HEPS10 for catchment C12,
while for C21 the effect of the weighting is less pronounced. In addition, HALMO shows
remarkably good performance for C12 and C23 for the presented lead time (96 h), as noted
in the previous section. For catchment C23, all simulations show a distinct reduction in
ensemble spread and error. This indicates an overall decrease in uncertainty for forecasts
over larger areas (i.e. differences in forecasts for small catchments even out over larger
areas).
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The general performance of an ensemble is determined by the relation between the
error of the median of the ensemble with respect to the reference, and the spread of the
ensemble. Assuming a perfectly calibrated probabilistic forecast, the following relation
between the two variables should be found: the median of the error distribution should
exactly match half the ensemble IQR (Lalaurette et al., 2005). Thus, a higher median
error should be accompanied by a wider spread in order to account for the ensemble
uncertainty. Considering this relationship for all catchments and lead times, HEPS10
tends to slightly underestimate spread, although the weighting improves this to some degree. Both the underestimation in spread (HEPS10) as well as the improvement through
weighting (HEPS10w) can be seen for all catchments in Fig. 3.7. While the median of
HEPS10 and HEPS10w only slightly differ, the spread of HEPS10w is providing a better
coverage of the measured runoff and HREF. Strong deviations from this generalization
are found for the longest lead time, where high values occurred for median errors without
the necessary compensation through a widened spread (reasons for this are discussed in
greater detail in subsection 3.3.5). HEPS51 does not show this behavior and generally
provides the necessary spread to cover the uncertainty.

Table 3.2: BSS for simulated runoff (relative to simulation HREF) and related area-mean precipitation (relative to observations) during the event period for three different lead
times. Middle and right columns show median scores (for the 23 catchments considered), for the different lead times and the combined median (c. median) for all
catchments and lead times, respectively.

HALMO

HEPS10

HEPS10w

HEPS51

lead time
120/114
96/90
72/66
120/114
96/90
72/66
120/114
96/90
72/66
120/114
96/90
72/66

median
runoff precip.
na
na
0.27
0.00
0.07
0.07
−0.23 −0.53
0.31
0.09
0.57
0.39
−0.23 −0.66
0.37
−0.01
0.59
0.37
0.07
−0.09
0.37
0.21
0.61
0.41

c. median
runoff precip.
na

na

0.21

0.05

0.29

−.01

0.32

0.17
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3.3.4 Probabilistic verification of time series
The evaluation of exceedance probabilities and event discharges alone do not address the
temporal evolution of the hydrographs. As a result, it is not clear whether the simulations
peak too early or too late. Although an evaluation based on hourly time steps is quite
a challenge for a model system (especially in the case of an extreme event), the next
logical step is an evaluation of the temporal evolution using the Brier Skill Score (BSS).
In Table 3.2 we compare HEPS51, the weighted ensemble HEPS10w, the unweighted
HEPS10 and HALMO against HREF, using the mean event runoff from HREF as a
threshold. The use of HREF as the reference for the BSS calculation, in place of the
observed hydrographs, allows hydrological uncertainties to be excluded. Using HREF in
place of the runoff observations generally yields higher scores (e.g., + 0.11 on the median
score of HEPS51). The skill of the precipitation forecasts (time series of the catchment
mean) was calculated analogously, using the hourly time series of the observed spatially
interpolated precipitation on the respective catchment as reference, and its median as
threshold.
In the case of the deterministic forecast (HALMO), the longest lead time is suppressed
(na) in Table 3.2. While showing good results for threshold exceedance, HALMO generally has lower skill scores than the ensembles. For the lead time of 96 h, HALMO median
runoff skill scores almost reach the level of HEPS10, reflecting the correct distribution of
precipitation with only a slight overestimation (MeteoSchweiz, 2006). This is not visible
in the median BSS for precipitation alone, as the precipitation forecast still needs to be
elongated by 18 h. For the shortest lead time, the median performance of HALMO is
compromised by the pronounced overestimation in precipitation and runoff.
Regarding the ensembles, an increase in skill with shorter lead times for all ensemble
sizes is evident. Scores for precipitation alone suffer much more from the decrease in
predictability with longer lead times and are generally lower than those for runoff. This
is the case, since the scores for runoff profit from the information stored within the
hydrological system (soil moisture, status of water storages) as well as from the filtering
effect of the direct input (smoothing through the retarding effect of the hydrological
system through the different water storages). This applies to most of the individual
catchments as well as for the mean values of the ensemble simulations.

3.3.5 Representativeness of the reduced ensemble
In Table 3.2, a general loss of information due to the reduction of the ensemble size
is found for runoff as well as for precipitation in almost all catchments (i.e the score
is worse for HEPS10 compared to HEPS51 for the corresponding initialization time).
The weighting of the reduced ensemble compensates for this loss of information to some
extent. This is not the case for precipitation alone, where weighting actually worsens
BSS. Since the general performance of an ensemble is determined by the relation between
the error of the median of the ensemble with respect to the reference and the spread
of the ensemble, a higher median error should be accompanied by a wider spread to
account for the uncertainty. Because the relation between the median error and the IQR
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Figure 3.8: Median BSS for sampled ensembles from HEPS51 with gradually reduced ensemble
sizes, shown for catchment C10 (blue, with 90% quantile). BSS for HEPS10w
(red, marked at effective ensemble size), HEPS10 (green) and HALMO (black) are
additionally marked.

changes through the application of the hydrological system (the median error experiences
a stronger reduction than IQR), the weighting shows a different effect for precipitation.
Relative shifts of the median error show a larger effect especially for low scores, without
being able to compensate with a widened spread.
The observed loss of information by the reduction in ensemble size (from HEPS51 to
HEPS10) shown in Table 3.2, leads to the question of representativeness of the reduced
ensemble. To test the representativeness of reduced ensembles and the influence of the
weighting, a statistical analysis was carried out. For this purpose we decreased the
member size of the full ensemble step-wise by one ensemble member from 51 to one, and
sampled 1000 of the possible member combinations of the full ensemble for each step, with
the exception of ensemble sizes 1, 50 and 51, where the maximum of possible member
combinations was used. With a sample size of 1000, the possible member combinations
are well represented, while the amount of data is still easily manageable.
Consideration of small ensembles leads to a negative bias of the BSS (Müller et al.,
2005; Weigel et al., 2007a). By comparing the skill scores at the respective ensemble
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Figure 3.9: Combined BSS for 23 subcatchments and three lead times as a function of ensemble
size. The plot shows the median (bold blue line), the IQR (thin blue lines), the 90%
quantilie (dashed blue line) and the full range (light blue). The overlayed whisker
plots show the BSS for HEPS10 (green) and HEPS10w (red).

sizes, we do not need to correct this bias. A reduced ensemble therefore represents the
full ensemble if its skill is equal to the median skill of the sampled member combinations
at the respective ensemble size. The analysis was performed for all of the catchments
using the evaluation time window for the three different forecast lead times.
Figure 3.8 shows the dependence of skill score on ensemble size for catchment C10 for
the shortest lead time (72 h). The blue circles and the vertical bars mark the median
BSS of the 1000 ensemble samples at each member size with 90% confidence interval.
Some general ensemble properties are nicely reproduced: The reduction in median skill
with smaller ensemble size is accompanied by an increase in spread (of the skill values).
A saturation effect is also visible at member sizes of 5 to 15. For larger ensemble sizes,
the median BSS no longer increases significantly, while the spread of the skill score
decreases continuously. The risk of a forecast failure through an unfavorable selection of
representative members is thus reduced. The choice of the ensemble size for the reduced
ensemble (10 members) seems reasonable, as it lies within the region of saturation and
has a noticeable reduction in skill score spread. The BSS of HEPS10 is slightly below
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the median sampled BSS. Weighting the reduced ensemble (HEPS10w) further improves
the match. The weighted ensemble HEPS10w is marked at the position of its effective
ensemble size
1
mef f = P10

2
n=1 wn

.

(3.5)

This reduction by a nonuniform weight (w) distribution is qualitatively understandable,
when looking at the two extreme weighting possibilities. If all ensemble members are
equally weighted (w = 0.1), the unweighted case of HEPS10 is reproduced. At the other
extreme, if all weight is assigned to a single ensemble member and the others receive zero
weight, the effective ensemble collapses to a single member ensemble. For all other weight
distributions the effective ensemble size lies somewhere in between these two extremes
(Weigel et al., 2007b).
The skill score for HALMO in Fig. 3.8 is well below the ensemble scores, which is
generally reflected in Table 3.2. Compared to the ensemble sample at member size 1
(consisting of the 51 individual ensemble members), HALMO outperforms the ensemble
median. HALMO probably profits from the smaller grid-spacing of 7 km instead of 10 km
used for the ensembles.
Figure 3.9 combines the results shown in Fig. 3.8 for all catchments and lead times.
In order for HEPS10 (or HEPS10w) to optimally represent HEPS51, the median and
quantiles of the respective reduced ensemble BSS should match those of the sampled
BSS at the respective ensemble size. The median BSS of HEPS10 is slightly lower
than that of the median sampled BSS, and its lower quantiles show a further decrease.
The weighting with the represented cluster sizes (HEPS10w) improves the match of the
statistical properties, specifically for the quartiles and the median. This is an effect of
the widened ensemble IQR which occurs through weighting (especially for the 96 h lead
time as apparent from Table 3.2), resulting in a better representation of the ensemble
uncertainty. The effect of the weighting on the ensemble median error is less important
in comparison to spread. This is not true for low skill values, where a weighting actually
worsens the BSS. The low skill values can be matched to the longest lead time of 120 h,
as apparent in Table 3.2, where the median skill does not benefit from weighting. Even
though the weighting still increases the ensemble IQR (for 17 out of 23 forecasts), it
actually decreases the spread of the 10-90% ensemble quantile (in 18 out of 23 forecasts).
The high value of the ensemble median error averaged over all catchments for 120 h
lead time (0.17 mm, compared to 0.07 mm and 0.06 mm for 96 h and 72 h) without the
necessary increase in spread explains the reduction of the BSS at low skills by weighting.
Figure 3.9 shows that not only HEPS10w, but also HEPS10 does not properly represent
HEPS51 on low skills (matching the 120 h lead time). This can be traced back to the
used clustering methodology with recombination (based on twice 51 EPS members, cf.
subsection 3.2.2). The recombination with old forecast information favors the selection
of representative members with low runoff values and therefore underestimates the event.
Besides the recombination, the clustering methodology itself can affect the skill of
the forecasts, as it is based on large-scale weather patterns over the full COSMO-LEPS
domain. This does not necessarily result in the ideal set of representative members for the
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considered, relatively small, subdomains (i.e. catchments), especially as the quantitative
precipitation amounts, which are of major importance for the hydrological forecast, are
not directly considered for the clustering (Molteni et al., 2001). As the (median) loss
in skill is not dramatic, it seems justified to use the reduced ensembles, although one is
faced with potentially lower skill for specific catchments and lead times.

3.4 Conclusions
Using the extreme Alpine flood of August 2005 as a case study, we find a good hindcast
performance of the applied coupled meteorological-hydrological ensemble forecast system.
Statistical tests demonstrates that the use of the reduced ensembles with representative
members seems justified, while weighting further improves the skill of the system (except on low scores). The median BSS of HEPS10w of 0.29 for all catchments and lead
times shows that the forecast system has useful skill. While the deterministic hindcast
shows good results for a lead time of 96 h, the forecast with a lead time of 72 h strongly
overpredicts the event. This illustrates the effect of ’badly’ chosen (versus ’well’ chosen)
initial conditions of the meteorological model, a difficulty which can be accounted for by
the use of ensembles. The additional probabilistic information resulting from the ensemble therefore helps to classify the deterministic forecast, and provides useful information
about its uncertainty.
An obvious practical application of the medium forecast ranges are ’wake up calls’. The
significantly higher skill of the coupled meteorological-hydrological system in comparison
to the meteorological precipitation forecast shows the importance of the filtering through
the hydrological system and the overall added benefit of the coupled model system.
To assess the applicability of the proposed meteorologic-hydrologic forecast system for
day-to-day application, a hindcast study providing two years of continuous probabilistic
hindcasts is currently in progress. While the current study, using a unique extreme
event, puts the emphasis on the impact of the ensemble size, the work on the longer time
series will concentrate on the role of the lead time, the extension to several skill scores
as proposed by Laio and Tamea (2007) and an evaluation for a wide range of weather
situations.
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Abstract
Medium range hydrological forecasts in mesoscale catchments are only possible with
the use of hydrological models driven by meteorological forecasts, which in particular contribute quantitative precipitation forecasts (QPF). QPFs are accompanied by
large uncertainties, especially for longer lead times, which are propagated within the
hydrometeorological model system. To deal with this limitation of predictability, a probabilistic forecasting system is tested, which is based on a hydrological-meteorological
ensemble prediction system. The meteorological component of the system is the operational limited-area ensemble prediction system COSMO-LEPS that downscales the global
ECMWF ensemble to a horizontal resolution of 10 km, while the hydrological component
is based on the semi-distributed hydrological model PREVAH with a spatial resolution
of 500 m.
Earlier studies have mostly addressed the potential benefits of hydrometeorological
ensemble systems in short case studies. Here we present an analysis of hydrological ensemble hindcasts for two years (2005 and 2006). It is shown that the ensemble covers the
uncertainty during different weather situations with an appropriate spread-skill relationship. The ensemble also shows advantages over a corresponding deterministic forecast,
even under consideration of an artificial spread.
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4.1 Introduction
Recent flood events (e.g., the Alpine flood of August 2005, see Bezzola and Hegg, 2007;
Jaun et al., 2008; Hohenegger et al., 2008) showed the vulnerability of the infrastructure
we depend on. To reduce flood damages by taking appropriate precautions, long lead
times (several days) in hydrological forecasting are needed, which is only possible with the
use of medium range weather forecasts in a coupled hydrometeorological model chain.
Especially the large uncertainties in precipitation forecasting affect the accuracy and
reliability of the resulting hydrological forecast. As it would be imprudent to simply
ignore these uncertainties (Pappenberger and Beven, 2006), they have to be forecasted
too. For this purpose, probabilistic forecasts can be applied (Ehrendorfer, 1997).
In meteorology, probabilistic ensemble forecasts have been established for operational
forecasts some time ago. Meteorological ensemble prediction systems (EPSs) are operationally available at the global scale from, for e.g., the U.S. National Center for Environmental Predictions (NCEP, Toth and Kalnay, 1997), the European Centre for Medium
Range Weather Forecasts (ECMWF, Molteni et al., 1996) and the Meteorological Center
of Canada (MSC, Houtekamer et al., 1996). From these ensemble forecasts, a measure of
the forecast uncertainty can be gained in terms of the ensemble spread. The spread of the
ensemble members represents mainly the initialization uncertainty of the meteorological
model, the main source of uncertainty for large-scale atmospheric circulation patterns in
forecasts up to about five days (Buizza, 2003).
A number of case studies were conducted, which directly use the output from a global
scale EPS to drive hydrological models (e.g., Bartholmes and Todini, 2005; Pappenberger et al., 2005; Roulin and Vannitsem, 2005; Siccardi et al., 2005; Rousset et al.,
2007; Komma et al., 2007). While demonstrating promising results, some of the case
studies suffer from biases related to the coarse resolution of the meteorological model
(and depend in turn on the scale the hydrological model applied). The large scale meteorological models are not accurate at modeling local weather, because local sub-grid scale
features and dynamics are not resolved, especially in regions with complex topography.
To overcome this limitation, global-scale EPS forecasts can be dynamically downscaled
by use of a limited area numerical weather model (e.g., the COSMO model, nested into
the ECMWF ensemble as described in the following section). Mass et al. (2002) showed
that such a refinement from a grid spacing of 36 km to a grid spacing of 12 km results
in better forecasts, as it allows the definition of the major topographical features of the
region and their corresponding atmospheric circulation. A dynamical downscaling of the
global meteorological forecasts is expensive in terms of computing resources, and thus
it is not feasible to downscale the full ensemble for everyday operational applications.
Therefore, the ensemble size is normally reduced and only a subset of the ensemble members is used (Molteni et al., 2001). This approach has successfully been used for several
hydrological case studies (e.g., Verbunt et al., 2007; Jaun et al., 2008). In contrast, statistical downscaling approaches, like the use of meteorological analogues, rely heavily
on the availability of long historical data sets and do not appear to be suitable to provide useful information about the future small-scale streamflow by itself (Diomede et al.,
2008), especially in the case of extreme events.

43

4 Evaluation of a probabilistic hydrometeorological forecast system

C23
C22 C9
C18

N

C7
C8

C15

C13

C21 C17
C5
C16 C6 C4
C14
C20
C19
C12
C2
C3 C1
C10
C11

100 km

Figure 4.1: Catchment overview, showing the defined catchments with respective identifier (C1,
..., C23) upstream of the Rheinfelden gauge (published in Jaun et al., 2008, cf.
Table 4.1).

The aforementioned publications on evaluation of hydrological ensemble forecast systems have been limited to flood case studies and/or single catchments. Only recently
have larger data sets become available. Olsson and Lindström (2007) and Bartholmes
et al. (2009) provide analysis of extended time series over large areas (Sweden and Europe, respectively), both of which use direct output from the global scale ECWMF EPS
to drive the hydrological model.
An extensive list of recent studies applying ensemble approaches for runoff forecasts
can be found in Cloke and Pappenberger (2009), together with a review of ensemble
techniques.
This paper investigates the applicability of a high-resolution meteorological-hydrological
ensemble system, using the dynamical downscaling approach for two continuous years
(2005 and 2006). The study area consists of the upper Rhine basin, encompassing an
overall area of 34’550 km2 . To account for inhomogeneities in topography, atmospheric
processes and runoff regimes, the domain is divided into 23 subcatchments with a typical
size of 900 to 1600 km2 (cf. Fig. 4.1), based on the setup described in Verbunt et al.
(2006). In addition to the analysis of selected catchments, the full extent of the study
area is considered.
Besides the input uncertainty (uncertainty from the meteorological data used to drive
the hydrological model), which is addressed by the use of the meteorological ensemble,
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Table 4.1: Catchment identifiers with names of the respectives rivers and gauges as well as the
size of the catchments.

identifier
C1
C2
C3
C4
C5
C6
C7
C8
C9
C10
C11
C12
C13
C14
C15
C16
C17
C18
C19
C20
C21
C22
C23

river
Hinterrhein
Vorderrhein
Rhine
Landquart
Ill
Rhine
Rhine
Thur
Rhine
Aare
Aare
Aare
Aare
Emme
Aare
Linth
Limmat
Limmat
Reuss
Reuss
Reuss
Aare
Rhine

gauge
Furstenau
Ilanz
Domat-Ems
Felsenbach
Gisingen (A)
Diepoldsau
Neuhausen
Andelfingen
Rekingen
Ringgenberg
Thun
Hagneck
Brugg-Agerten
Wiler
Brugg
Weesen
Zurich
Baden
Seedorf
Luzern
Mellingen
Untersiggenthal
Rheinfelden

size [km2 ]
1575
776
3229
616
1281
6119
11’887
1696
14’718
1129
2490
5128
8217
939
11’750
1061
2176
2396
832
2251
3382
17’625
34’550

two additional components affect the output uncertainty of a hydrological model: the
initialization uncertainty (i.e., the initial state of the model) and the model uncertainty
itself (uncertainty from parameters and the conceptualization, Vrugt et al., 2005). In
this work, the main focus remains on the input uncertainty, as forecasted meteorological
data is regarded as the most uncertain component (Todini, 2004).

4.2 Methods
The meteorologic–hydrologic model chain used is the same as described in Jaun et al.
(2008), where it was used for a case study of the extreme event in August 2005. For the
meteorological component, either an ensemble forecast system or a deterministic forecast
system, providing a single model realization, is applied. Forecast setups and strategies
were adopted and applied to the operationally available meteorological forecasts for the
years 2005 and 2006.
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4.2.1 Deterministic and probabilistic meteorological forecast systems
The deterministic meteorological forecasts are provided by the operational weather forecast model COSMO-7. This model is the MeteoSwiss implementation of the COSMO
model (COnsortium for Small-scale Modeling, Steppeler et al., 2003), which is nested
in the global deterministic forecast model from ECMWF. COSMO-7 uses a horizontal
grid-spacing of 0.0625 degrees (7 km) and 45 model levels. Six meteorological variables
(temperature, precipitation, humidity, wind, sunshine duration derived from cloud cover,
global radiation) are further downscaled to 500 m grid-spacing (using bilinear interpolation, temperature adjusted according to elevation by adopting a constant lapse rate of
0.65◦ C/100 m), to meet the grid size requirements of the hydrological model.
The global meteorological ensemble is provided by the operational global atmospheric
EPS of ECMWF and consists of 51 members. The generation of this ensemble is based on
singular vectors to create optimally perturbed initial states (Buizza and Palmer, 1995).
This global ensemble is downscaled by the limited-area EPS COSMO-LEPS (Marsigli
et al., 2005; Montani et al., 2003). Due to computational constraints, the operational
COSMO-LEPS refines a subsample of 10 (16 from February 2006) representative global
ensemble members only, selected by a cluster analysis (Molteni et al., 2001). Prior to
the clustering analysis, the preceding global EPS simulation from the previous day is
combined with the actual forecast. Hence the clustering is applied to a recombined
ensemble consisting of 102 members. This procedure, using "old" forecast information,
generally results in a widening of the spread of the reduced ensemble. The clustering
identifies similar circulation patterns based on the analysis of wind, geopotential height
and humidity on three pressure levels (500 hPa, 700 hPa, 850 hPa) for two lead times
(96 h, 120 h). From the resulting 10 (16) clusters, the respective representative cluster
members (RMs) are selected and dynamically downscaled over a domain covering central
and southern Europe. These ensemble members are run on a rotated spherical grid with
a horizontal grid-spacing of 0.09◦ x 0.09◦ , equivalent to about 10 x 10 km2 , and with 32
(40 from February 2006) model levels. The meteorological variables of the resulting highresolution meteorological ensemble are treated analogous to the COSMO-7 variables. The
cluster sizes can optionally be used to weight the representative members of COSMOLEPS.

4.2.2 The hydrological model
The semi-distributed hydrological model PREVAH (Viviroli et al., 2009) is then driven by
COSMO-LEPS with hourly time steps. PREVAH (Preciptation Runoff EVApotranspiration Hydrotope) uses hydrologic response units (HRUs, Flügel, 1997) and the runoff generation module is based on the conception of the HBV-model (Bergström and Forsman,
1973; Lindström et al., 1997), adapted to a spatially distributed application. Further
information on the model physics, structure, interpolation methods and parameterisations can be found in Gurtz et al. (1999), Gurtz et al. (2003) and Zappa et al. (2003).
The initial conditions of the hydrological model are obtained from a continuous reference
simulation driven by meteorological observations, subsequently referred to as HREF.
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No additional perturbations were realised at the level of the hydrological model, e.g.,
consideration of initialization uncertainties.
The use of the deterministic meteorological forecast variables as input to PREVAH
results in a deterministic hydrological forecast subsequently referred to as HDET. The
coupling of PREVAH with COSMO-LEPS provides probabilistic hydrological forecasts
in terms of a hydrological EPS (HEPS).

4.2.3 Set-up of simulations
Hindcasts were conducted daily for both years, 2005 and 2006, and for the deterministic
forecasts as well as the ensemble set-up. The deterministic forecasts from COSMO-7
provide a forecast range of 72 h (3 days) and are initialized at 00 UTC.
The meteorological EPS forecasts are initialized at 12 UTC and span 132 h (120 h
until June 2005). The first 12 h are not considered for the hydrological coupling, which
is initialized at 00 UTC, resulting in a forecast range of 120 h (108 h) for HEPS. This
cutoff considers the temporal availability of the operational ensemble forecasts and eases
comparison to the deterministic forecast. To ensure consistency for the differing HEPS
forecast ranges over the considered time period, the analysis of HEPS was restricted to
96 h (4 days).
For the quantitative analysis we focus on daily runoff values. The hindcasts are chained
for the respective forecast ranges (0-24 h, 24-48 h, 48-72 h, 72-96 h), resulting in four
(three for HDET) daily time series, which are accounted for separately and compared
to each other. In the case of HEPS, we therefore get four time series consisting of
daily ensembles derived from the summed up hourly values of the respective individual
ensemble member within the forecast ranges. All calculations, e.g., the estimation of the
ensemble interquartile range (IQR) are based on these daily values. Examples of chained
daily runoff hindecasts are shown in Fig. 4.2.

4.2.4 Validation methodology
To evaluate the skill of the forecasts, score measures are applied. These are complemented
by the evaluation of general ensemble properties to verify the statistical appropriateness
of the probabilistic forecast (Laio and Tamea, 2007).
Yearly discharges were estimated for all catchments, in order to assess the representation of runoff volumes by the model chain. To test the general performance of the ensemble, a method used by the ECMWF for meteorological EPS verification was adopted
(Lalaurette et al., 2005). Assuming a perfect probabilistic forecast, the following spread
skill relation should be found: the absolute difference between the ensemble median and
the verifying simulation should exceed half the interquartile range (referred to as spread)
in exactly 50% of the cases. Additionally, the rank histogram (Anderson, 1996) of the
probabilistic runoff forecast is evaluated, to check whether the ensembles include the
observations being predicted as equiprobable members (consistency condition). If rank
uniformity is not met, this can reveal deficiencies in ensemble calibration, or reliability (Wilks, 2006). In difference to the spread-skill relation, the rank histogram allows
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a distinction between bias and under-/overdispersion, but does not account for relative
ensemble error.
To perform a probabilistic verification of the time series within the time window considered, we use the ranked probability skill score (RP SS) described in Wilks (2006).
This score is widely used for the evaluation of probabilistic forecasts in meteorological
sciences (e.g., Weigel et al., 2007a).The RP SS is based on the ranked probability score
(RP S). The RP S is a squared measure that compares the cumulative density function of a probabilistic forecast with that of the corresponding observation over a given
number of discrete probability categories. Thus the RP S measures how well the probabilistic forecast predicts the category in which the observation is found. For a given
forecast–observation pair, the RP S is defined as

2
K
k
k
X
X
X

RP S =
pyj −
poj  ,
k=1

j=1

(4.1)

j=1

where K is the number of forecast categories, pyj is the predicted probability in forecast
category j, and poj the observation in category j (0=no, 1=yes). The RP S is bounded by
zero and K − 1. While a perfect forecast would result in RP S = 0, less accurate forecasts
receive higher sores. By averaging the RPS over a number of forecast–observation pairs,
these can be jointly evaluated, resulting in the mean hRP Si.
The RP SS is finally obtained by relating the hRP Si of the forecast to the hRP Sref i
of a reference forecast according to
RP SS = 1 −

hRP Si
.
hRP Sref i

(4.2)

The RP SS can take values in the range −∞ ≤ RP SS ≤ 1. Whereas RP SS > 0
indicates an improvement over the reference forecast, a forecast with RP SS ≤ 0 lacks
skill with respect to the reference forecast.
In this paper we chose climatological quantiles derived from 10 years of runoff data as
catchment specific thresholds for the RP SS categories. Apart from the quartiles (0.25,
0.5, 0.75) we additionally selected the 0.95 quantile to better resolve runoff peaks. For
hRP Sref i we use the climatological probabilities of the mentioned quantiles.
For the two years of forecasts considered (2005 and 2006), we are faced with different
ensemble sizes (10 and 16 respectively). From Müller et al. (2005), it is known that the
RP SS is negatively biased for ensemble prediction systems with small ensemble sizes.
The influence of the differing ensemble sizes is assessed by the additional use of a debiased
version of the RP SS (RP SSd, after Weigel et al., 2007a).
Other probabilistic evaluation methods such as the Brier skill score (BSS, the probabilistic equivalent to the mean squared error), the reliability diagram or the relative
operating characteristic (ROC), as described in Wilks (2006), are not considered as they
require a single evaluation threshold, whereas the categorical evaluation by the RP SS
allows a better judgement of the evolution of the hydrograph over an extended time
period.
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For evaluation of the deterministic hydrological forecast HDET, the Nash-Sutcliffe
coefficient (E) (Nash and Sutcliffe, 1970) is applied, which is widely used for hydrological
verification purposes (Legates and McCabe, 1999). The usual formulation of E is given
by
Pn
(ot − yt )2
E = 1 − Pt=1
,
(4.3)
n
2
t=1 (ot − ō)
where yt and ot denote the forecasted and observed time series, respectively, and ō the
mean of the observations over the forecast period. E can take values in the range −∞ ≤
E ≤ 1, with E > 0 indicating an improvement over a forecast with the observed mean
discharge, while E ≤ 0 shows no additional skill. E can also be interpreted as the
coefficient of determination, representing the fraction of variability in ot that is contained
in yt .
Direct comparison of the performance of HDET and HEPS is difficult to achieve.
An evaluation of HDET by means of the RP SSd is not carried out, as the RP SSd
does not directly quantify whether a specific forecast is more skillful, but rather is a
measure for the gain in potentially usable ensemble information (Weigel et al., 2007b).
The RP SS in turn suffers most from its negative bias in the deterministic case ("one
member ensemble"). An evaluation based on a deterministic skill score like E implies
the conversion of the probabilistic forecast into a deterministic one, e.g., by use of the
ensemble median. As such a conversion implies a loss of valuable forecast information
and can bias the ensemble performance in specific cases, it should not be applied for
the sake of a simplified forecast interpretation (Wilks, 2006). Nevertheless we carry
out a comparative deterministic evaluation of the HEPS median against HDET. If this
evaluation reveals that the HEPS median performs equal or better than HDET over an
extended time period, a first indication of an added value of the ensemble forecast system
is given.
To further challenge the ensemble forecast system, it was tested against an artificial
ensemble (HART) by means of the RPSS. HART is based on the climatological properties
of HEPS, assuming a linear correlation between the ensemble median and the individually
sorted ensemble members (separately for the different catchments and lead times). That
means, for a specific catchment and lead time, as an example, the daily forecasts are
sorted by runoff values in ascending order. Correlating the lowest member (second lowest,
..., highest) of all daily forecasts with the according HEPS median results in a linear
relationship. Applying these linear correlations, the daily artificial members are then
constructed by use of the HEPS median. Consequently, spread and range of the artificial
ensemble mainly depend on the actual runoff quantity of the HEPS median.
This evaluation reveals whether the ensemble forecast performance is better than a
deterministic forecast with climatological ensemble spread. If HEPS shows no advantage
over HART, the value of the ensemble forecast is at least questionable with regard to a
deterministic forecast system that considers some sort of uncertainty information. Please
note that this evaluation only reveals the minimal added value, as the median of the
ensemble is used as base for HART. Consequently, HART contains ensemble information
that is not available in the case of a deterministic forecast.
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Figure 4.2: Chained daily runoff hindcast at the gauge Brugg (Aare, 11’538km2), with a lead
time of (a) 72-96h, (b) 48-72h and (c) 24-48h for the year 2005. Measured runoff
is plotted in blue. The light red area shows the full range of the HEPS simulation
(HEPS range) and the red area represents the IQR of the same simulation (HEPS
IQR). Spatially interpolated observed precipitation is plotted from the top. In (b)
and (c) HDET is additionally marked (black). HQ 2 marks the two year recurrence
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Figure 4.3: Chained daily runoff hindcast with HART at the gauge Brugg (Aare, 11’538km2),
with a lead time of 72-96h for the year 2005. Measured runoff is plotted in blue.
The light red area shows the full range of the HART simulation (HART range) and
the red area represents the IQR of the same simulation (HART IQR). Spatially
interpolated observed precipitation is plotted from the top. HQ 2 marks the two
year recurrence period.

If the HEPS median outperforms HDET (in terms of E) and HEPS outperforms HART
(in terms of RP SS), we can confidently state an added value of the ensemble forecast system, provided that the probabilistic evaluation of HEPS, including the general ensemble
performance, shows positive results.
Apart from direct evaluations against runoff observations, we substitute the runoff
observations by the reference simulation HREF to eliminate the additional uncertainties
introduced by the hydrological model.

4.3 Results and Discussion
4.3.1 Analysis of a selected catchment
Figure 4.2 allows us to discuss important features of probabilistic hydrologic forecasts.
Daily hindcasts (using HEPS) were conducted for the years 2005 and 2006, which were
then chained for selected forecast ranges. In Figure 4.2, as an example, graphs of chained
daily hindcasts for the ranges 72-96, 48-72 and 24-48 hours are shown at the Brugg (Aare)
gauge for 2005. The ensemble IQR generally encompasses the reference simulation driven
by observed meteorological inputs and also the measured runoff. Also, the ensemble
range is much larger during flood peaks, representing the additional uncertainties during
unstable weather situations.
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Comparisons against the area-mean precipitation of the ensemble members (used as
input for the hydrologic model, not shown) show the expected reduction in variability
and amplitude due to hydrological processes. Note that there does not appear to be a
problem with an overprediction of flood events (e.g., an event with a return period of
two years is forecasted with some probability a few times in 2005) or a constantly large
spread. For decreasing lead times, the HEPS full range and HEPS interquartile range
decrease gradually and constrict around the reference simulation as expected.
Figure 4.3 shows the chained daily hindcasts with HART for the same catchment as
in Fig. 4.2 for the forecast lead time of 72-96 hours. Compared to the corresponding
Fig. 4.2a, peaks in spread and range are less distinctive. While the uncertainty seems to
be well covered during runoff peaks, it remains constantly high during recession periods,
as the simple synthetic ensemble construction cannot distinguish between inclining and
declining phases of the runoff peaks.

4.3.2 Evaluation of yearly discharge
Figure 4.4 shows the yearly discharges for two example catchments (C12, C21) and catchment C23, which captures the out-flow from all catchments and can therefore be used as
an indicator for the entire study area. Yearly discharge sums of daily range, IQR, and
median for different lead times (0-24 h, 24-48 h, 48-72 h, 72-96 h) are compared to the
respective values of HDET, HREF and measured runoff values. Figure 4.4 summarizes
Fig. 4.2 and allows for simple and straightforward comparison between catchments and
lead times.
While HEPS IQR nicely encompasses HREF and HDET, the HEPS IQR does not
contain the observations ideally. The yearly bias in volume from HREF to OBS visible
in Fig. 4.4 is +5% for catchment C12 and -10% for catchment C21. The overall bias
(median over catchments C1 to C23) is -6%, which is reflected in the bias of catchment
C23 (-6%).
HDET and the HEPS median show very similar performance when compared to HREF,
with a slightly pronounced tendency of HDET to overforecast for the lead time 48-72h.
Comparing 2005 and 2006 gives qualitatively very similar results, differing mainly in the
observed yearly runoff sum (median increase of 3.5% from 2005 to 2006), changes in the
bias of HREF to OBS (reflecting the skill of the hydrological model itself), a wider total
range of the 16 member HEPS compared to the 10 member HEPS, but very similar IQR.
As the relative positions of HREF, HDET and HEPS do not change between 2005 and
2006, the change of the HREF bias should not be neglected for inter-annual comparison
of the forecast performance (compensation/amplification through overforecasting when
compared to measured runoff).
For catchment C23, spread of HEPS shows a distinct reduction in ensemble spread
and error for all lead times (2005 and 2006), which is visible in Fig. 4.4 as well as after
normalization by measured runoff (not shown). This indicates the overall decrease in uncertainty for forecasts over larger areas (i.e., differences in forecasts for small catchments
even out over larger areas).
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Figure 4.4: Total discharge for 2005. The observed runoff (blue), HREF (green), HDET (red),
and ensemble forecasts (black) are shown for three catchments (C12, C21 and C23).
The ensemble forecasts are illustrated by box-whisker-plots. All displayed forecasts
are shown with respective lead times (1, 2, 3, 4 days from left to right).
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4.3.3 Verification of general ensemble properties
The scatter diagram for runoff comparing the ensemble spread and absolute error of the
HEPS median regarding the respective reference is given in Fig. 4.5 for daily values of the
year 2005 (72-96 hour lead time). All catchments (cf. Table 4.1) are included. Analogous
to the results from the EPS verification (Lalaurette et al., 2005), a remarkably good
coherence between ensemble spread and error exists for both choices of runoff reference
(HREF and OBS). While Fig. 4.5a shows a tendency to underestimate spread in the
forecasts, this is clearly reduced in Fig. 4.5b, reflecting the bias of HREF with regard
to observed runoff (cf. Fig. 4.4). Large day-to-day variations occur within the shown
relation, but the statistical relationship that should exist, when gathering a large sample
of cases with similar spread (81 spread categories, each containing 100 daily values from
the 23 considered catchments), holds and the distribution of errors within each spread
category is centred around the diagonal. This shows that additional uncertainty is well
represented by an increase in spread (also cf. Fig. 4.2).
Figure 4.6a shows that the ensemble forecasts for the year 2005 do not satisfy the
consistency condition (i.e., the ensembles do not reflect equiprobability of observations
within their distributions). The U-shaped rank histogram indicates an under-dispersion
(over-confidence) of the ensembles, as the observations are too frequently falling into the
low and high ranks, resulting in an overpopulation of the extreme ranks. Evaluation of
the rank histogram of HREF and HEPS (Fig. 4.6b) reveals that the overpopulation of
high ranks is mostly a result of the uncertainty introduced by the hydrological model.
This bias is also visible in Fig. 4.4 for C21 and C23. Still, the overpopulation of low
ranks remains. We argue, that this is not due to the slight overestimation of HEPS
over HREF (Fig. 4.4), but a result of the characteristics of the verified variable. We
are considering a variable that is non-normally distributed, as the hydrograph and its
evolution is bound by the baseflow. Runoff forecasts that lead to an increase in runoff
are therefore less constrained, which explains the overforecasting bias in Fig. 4.6b. This
hypothesis is supported by the skewness of HEPS towards lower runoff values in Fig. 4.4.
For shorter lead times than those shown (72-96 h), the rank histograms for HREF and
observations show an increase in frequencies at the highest rank. Indeed, the spread of the
ensemble narrows with reduced lead times. The narrowing in spread mostly represents
the increase in predictability. The indicated overconfidence of the ensemble for shorter
lead times is probably an effect of the ensemble generation method, focusing on optimal
spread for midrange forecasts. It should be noted that the median error of the ensemble is
not accounted for by the rank histogram. While the ensemble with a lead time of 0-24 h is
actually overconfident, this has little effect for practical application, since the forecasted
ensemble runoff for all members is almost identical to HREF and shows minimal relative
error. Indeed the associated scatter diagram (not shown) for error and spread shows that
values group in the lower left corner for the shorter lead times.
The analysis of the general ensemble properties for the year 2006 yields very similar
results and the same conclusions.
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Figure 4.5: The absolute error of the HEPS median compared to the half interquartile HEPS
range for daily runoff [mm] (72-96h hindcasts) for catchments C1 to C23 in 2005.
Panel (a) shows the evaluation against observed runoff, (b) against HREF. The
empty blue circles represent daily values, while the filled red circles show the means
of the spread categories, averaged over 100 daily values.
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Figure 4.6: Modified rank histogram showing combined results for all catchments. The rank of
the observed runoff within HEPS for the lead time of 72-96 h in 2005. Panel (a)
shows the evaluation against observed runoff, (b) against HREF.
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Table 4.2: Skill scores for different lead times. On the left, the combined median HEPS RP SS
for all catchments for the full evaluation period relative to HREF, OBS and HART.
On the right, the combined median Nash-Sutcliffe coefficient (E) for all catchments
for the full evaluation period relative to HREF. For HEPS, the ensemble median was
used to calculate E.

lead time
0-24
24-48
48-72
72-96

HREF
0.969
0.902
0.870
0.829

RP SS
OBS HART
0.601 0.175
0.607 0.223
0.598 0.188
0.582 0.143

E
HDET
0.996
0.898
0.770
na

HEPS
0.997
0.966
0.910
0.904

4.3.4 Verification of time series
For further performance evaluation, the ranked probability skill scores (RP SS, 1: perfect
skill, 0: no skill) of the ensemble hindcasts against the reference simulation and observed
runoff were calculated, as described in Wilks (2006), separately for different lead times.
This allows the temporal evolution of the hydrograph to be considered.
As the ensemble size differs for the two years considered (2005 and 2006), the influence
of the change in ensemble size is assessed by an inter-comparison of the two years. This
inter-comparison is restricted to the evaluation against HREF in order to exclude the
varying performance of the hydrological model itself (changing biases of HREF from
OBS as stated in section 4.3.2). Furthermore the debiased ranked probability skill score
(RP SSd) is used in addition to the RP SS.
Comparison of RP SSd for the years 2005 and 2006 reveals that other modifications
introduced into the atmospheric model with the increase in ensemble size (mainly the
increase in vertical resolution from 32 to 40 levels) do not result in a noticeable change in
skill (e.g., with a lead time of 48-72 h: 0.850 and 0.853 for 2005 and 2006, respectively).
To test the direct effect of the change in ensemble size, the RP SS was calculated without
the debiasing separately for the two years considered. Again, resulting score differences
are minor and cannot be clearly associated to the increase in ensemble size for the year
2006. Considering the positive evaluation of the general ensemble properties for both
years, we therefore assume that it is valid to evaluate the two years jointly.
The debiasing of the RP SS is only used for the inter-annual comparison but not for
the evaluation of the full time period, as in the latter case we are primarily interested in
the actual skill of the model system and not the theoretically obtainable skill score with
a perfectly calibrated ensemble (represented by the RP SSd, Weigel et al. (2007b)). In
Table 4.2 we show results for the forecast system over the period 2005-2006. The skill
scores show differing results depending on the catchments, but in general, the RPSS is
decreasing with increasing lead time (cf. Table 4.2). The decrease of RP SS is consistent
with the results of the yearly analysis regarding HEPS range and HEPS IQR for different
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lead times and quantifies the additional uncertainty that is associated with longer lead
times.
In contrast to, e.g., Olsson and Lindström (2007), where the use of the global EPS
necessitates an additional bias correction, we find high score values using HREF as reference. This shows the suitability of the substitution of observed meteorological variables
with forecasted ones and therefore the applicability of the coupled forecast system. Evaluation against observed runoff (OBS) results in RP SS values which clearly indicate
improved skill of the forecast system over a climatological forecast. Nevertheless, the
difference in skill between the evaluation against HREF and OBS leaves room for further
improvements of the forecast system. While the uncertainty introduced with the use of
meteorological forecasts is well covered by the ensemble approach, the score differences
shown represent the bias of HREF against OBS, i.e., the model uncertainty of the hydrological model and the uncertainty in its initial state, which arises from uncertainties in
the observed meteorological input (e.g., from interpolation uncertainties, cf. Ahrens and
Jaun, 2007). Note that HREF evolves freely throughout the evaluation period and is not
nudged against measured runoff. As HREF is used to generate the initial conditions for
the forecast runs, a nudging against measured runoff would lead to a substantial increase
in skill score values for HEPS relative to OBS.
While the median of an ensemble should not be applied for evaluation of single events,
it was used for a deterministic evaluation of two continuous years (2005 and 2006). The
comparison of the HEPS median to HDET by means of the deterministic skill score E is
performed with regard to HREF. It reveals almost identical numbers for the shortest lead
time (cf. Table 4.2). For longer lead times, the skill of the HEPS median decreases less
rapidly than that of HDET. While the result of this evaluation should not be interpreted
on its own (as the probabilistic information of the ensemble is lost), it gives a clear
indication that the ensemble does not fall behind HDET in performance, even though
the underlying meteorological model features a coarser numerical grid. This may not
remain true for evaluations based on a shorter (hourly) timescale within the first 24
hours.
The results of the evaluation of HEPS against its climatological correspondent HART
are shown in Table 4.2. It reveals that HEPS performs better in terms of RP SS. The
evaluation of the spread-skill relation of HART (not shown) indicates that spread is
overestimated for medium to high runoff occurrences (although not for runoff peaks, cf.
Fig. 4.3). For the longest lead time (72-96 hours), HEPS shows a slight decrease in advantage over HART. This is consistent with the expectation that the relative performance
of a climatological forecast should increase with longer lead times.
Taking into account the positive results of the probabilistic evaluation and the successful verification of the general ensemble performance, we can confidently state an added
value of HEPS with regard to HDET: apart from better "deterministic results" for longer
lead times, the ensemble is better than its own median forecast with climatological spread
information and therefore shows the importance of temporal variability in the ensemble
range and spread.
Weighting of the ensembles with the cluster sizes shows only marginal effects for all
applied evaluation methods and can be neglected for the analysis of the probabilistic
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hydrological forecast series. This is consistent with the findings for precipitation verification by Marsigli et al. (2001). It should also be noted that weighting can improve
the skill of the hydrological ensemble for specific cases and higher temporal resolution as
showed in Jaun et al. (2008).

4.4 Conclusions
Using two years (2005 and 2006) of continuous daily hindcasts for the upper Rhine catchment, we find a good hindcast performance of the applied hydrometeorological forecast
system. Statistical analysis shows that general ensemble requirements are reasonably
met. The high RP SS values resulting from the evaluation against HREF demonstrate
the applicability of the proposed coupled forecast system. It was shown that the chosen
approach works for a wide band of weather conditions and that the ensemble spread nicely
represents the additional uncertainties during weather situations with low predictability.
As expected, the IQR and the full spread of the ensemble increase systematically with
lead time. Compared to the deterministic forecast HDET, the HEPS median shows
higher skill for longer lead times. In addition, the evaluation of HEPS against its climatological correspondent HART shows the importance of temporal variability in the
ensemble range and spread. As the ensemble forecast is better in both aspects, it is
safe to assume that the use of the ensembles is superior to the deterministic alternative,
especially with regard to the additional provision of probabilistic forecast information.
While the evaluation against HREF reveals that the input uncertainty, introduced by
the use of meteorological weather predictions, is well covered by the ensemble approach,
the evaluation against observed runoff leaves room for improvements of the model system.
Consequently, future work is planned to include the remaining uncertainties as adopted
by, e.g., Pappenberger et al. (2005). Special attention will be payed to the initialization
uncertainty of the hydrological component of the forecast system. Efforts towards an
operational application of probabilistic forecasts, using similar setups as the described
forecast system, are ongoing and were first demonstrated quasi-operationally within the
framework of MAP D-PHASE (Zappa et al., 2008).
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5 Conclusions and outlook
5.1 Conclusions
In the previous chapters, aspects related to uncertainty in coupled hydrometeorological
forecast systems have been investigated. For this purpose a model system consisting
of the high-resolution meteorological EPS COSMO-LEPS and the subsequently applied
hydrological model PREVAH has been deployed in the Rhine catchment. Emphasis has
been set on the consideration of input uncertainties in terms of: a) observation-based
ensembles accounting for uncertainties associated to the interpolation of precipitation
fields derived from point observations, and b) meteorological ensemble prediction systems
accounting for predictability limitations arising from the use of quantitative precipitation
forecasts, derived from numerical weather prediction models. In this section a brief
summary of the main results is presented.
• The first study (Chapter 2) investigated the influence of horizontal interpolation
errors of precipitation fields. To evaluate forecasts, a reference is needed. The
obvious candidate for the evaluation of a precipitation forecast is a field of spatially
interpolated point observations, which is usually assumed to be without errors. By
generating of an ensemble of stochastically interpolated fields conditioned on the
observations, the spatial interpolation error can be accounted for. Specifically, the
resulting observational ensemble can serve to estimate the evaluation uncertainty
and thus allows a more objective assessment of forecast performance.
It was shown, that the interpolation uncertainties are significant, depending on
the density of the observational network. This is of special importance for operational applications driven by observed precipitation, when only a coarse network
of stations provides realtime data.
• The second study (Chapter 3) investigated the extreme Alpine flood of August
2005 from a probabilistic point of view. A coupled hydrometeorological ensemble
forecast system and its deterministic analogue were tested in terms of a case study.
Statistical analysis showed that the forecast system had useful skill and that the filtering through the hydrological system leads to a significantly higher skill compared
to direct consideration of the precipitation forecasts alone. Due to computational
constraints, it is not feasible to dynamically downscale the full global meteorological ensemble. Therefore, representative members derived from the application of
a clustering are used. Statistical tests demonstrate that the use of the reduced
ensembles with representative members seems justified. The varying performance
of the deterministic forecast system shows the the sensibility of the meteorological
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model with respect to the initial conditions, a difficulty which can be accounted for
by the use of ensembles.
Overall, the probabilistic forecast system was found to complement the deterministic forecast by use of a reduced ensemble, providing valuable information about the
uncertainty of the weather situation and its hydrological consequences for decisionmaking.
• The third study (Chapter 4) extended the evaluation period to two years of continuous daily hindcasts (2005 and 2006). Again, a deterministic and a probabilistic
hydrometeorological forecast system were applied. To account for the ensemble
performance, two strategies were used: a) evaluation of the runoff succession by a
categorical skill score, and b) evaluation of general ensemble properties. Both evaluation approaches revealed positive results. Comparison between the deterministic
forecast and the ensemble median showed a slower decrease in skill with lead times
of the ensemble median. Taking into account the positive results from the ensemble
evaluation, we can confidently state a superiority of the ensemble forecasts.
It was shown that the chosen ensemble approach works for a wide band of weather
conditions and that the ensemble spread nicely represents the additional uncertainties during unpredictable weather situations.

5.2 Outlook
As stated in the overall introduction, the presented study covers only parts of the pending
issues associated to the propagation of uncertainties within coupled hydrometeorological forecast systems. Specifically, the meteorological ensemble forecasts only cover the
uncertainty introduced by the application of the quantitative precipitation forecasts. To
fully consider the output uncertainty of a hydrological forecast in future applications, the
initialization and the model uncertainty need to also be accounted for (cf Fig. 1.1).
The initial state of a hydrological forecast model is commonly based on a nowcast
driven by observed meteorological variables. Therefore, the initialization uncertainty is
linked to the input uncertainty stemming from the meteorological observations. Figure 5.1 shows a first hydrological application of the observational precipitation ensembles
presented in Chapter 2 for the Thur catchment (gauge Andelfingen). To better resolve
high and low runoff peaks, the runoff is plotted in both, (a) linear and (b) logarithmic
representation for the year 2005. The observational precipitation ensembles do only represent the interpolation uncertainty, while direct measurement errors at the gauges and
systematic errors deriving from a vertically inhomogeneous distribution of stations are
not considered. Nevertheless, the results given in Fig 5.1 show valuable findings: HREF
is based on a simple bilinear spatial interpolation of all available station data. The
agreement with the observed runoff is generally good, with some deviations in the runoff
peaks. The ensemble HREF-ALL, using all available station data as, shows a narrowed
ensemble range. While the station density for this particular catchment thus seems sufficient to allow for reliable hydrological simulations, the range from HREF-ALL covers
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Figure 5.1: Hydrological application of observational precipitation ensembles (for the year 2005).
(a) linear and (b) logarithmic representation of runoff for the gauge Andelfingen
(Thur, 1696 km2 ). Measured runoff (blue) and the deterministic simulation HREF
(black) are shown together with the range of the observational ensembles using all
available (red) and operationally available (green) stations.
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some of the deviations of HREF from measured runoff during runoff peaks (e.g., peaks in
January, April, May and especially the event in August 2005). Deviations which are not
covered by the range from HREF-ALL originate from the aforementioned uncertainties,
either the additional observational uncertainties or model uncertainties (e.g. peaks in
February and March, possibly snow related deficiencies). Deficiencies in low flow simulations can usually be attributed to model uncertainties. From the results in Chapter 2
we would expect broader ranges of HREF-ALL in Alpine catchments due to relatively
less observations.
The ensemble based on operationally available station data (HREF-SUB) reveals a
substantial uncertainty due to the spatially less restrictive observational conditioning.
This can be problematic for the identification of suitable initial conditions of operational hydrological forecasts during runoff peaks, as also experienced during the MAP
D-PHASE. By application of HREF-SUB within a hydrometeorological forecast system,
a suitable ensemble member, showing the best agreement with measured runoff at the
time of the forecast start, could be selected to gain reliable initial conditions, although
the possibility of error compensation between the different model components should
be considered. A combined use of observational precipitation ensembles and rain radar
ensembles (cf. Appendix C) seems also feasible.
As mentioned in the introduction, the consideration of the hydrological model uncertainty requires two strategies: a) The application of poor-mens-ensembles to account
uncertainties derived from the model conception. The availability of a great number of
meteorological and hydrological model systems from the MAP D-PHASE will allow for
model comparisons and the prospects of poor-mens-ensembles can be tested. Of course,
the idea of a multi-model ensemble applies to the meteorological side too (e.g., PEPS,
Heizenreder et al., 2006). b) Monte-Carlo simulations and subsequently Bayesian theory
to achieve information on parameter uncertainty. These methodological approaches are
widely used in hydrological sciences (e.g., Beven and Binley, 1992; Kuczera and Parent,
1998; Krzysztofowicz, 1999; Thiemann et al., 2001; Vrugt et al., 2003).
The use of high-resolution meteorological ensembles for the purpose of probabilistic
runoff forecasts was (and still is) extensively tested in a quasi-operational setup within
the MAP D-PHASE (cf. Appendix C). The setup is called quasi-operational (respectively
experimental) as no redundant hardware/data-links are available. Therefore, it cannot
be fully relied on in the operational practice. Detailed evaluations are intended by the
participating institutions, with special focus on the need of end users. Meteorological and
hydrological forecasted data as well as observed data issued during the MAP D-PHASE
are made fully available to the scientific community to allow for thorough evaluations.
Even though the quasi-operational phase of MAP D-PHASE ended in November 2007,
the project is being continued by the participating Swiss institutions on demand of the
end users. The forecasts will be available to end users until a new operational warning
platform for Swiss civil protection agencies will be put into service by approximately mid
2009. The new warning platform is intended to contain probabilistic forecasts, complementing the currently available deterministic forecasts. Furthermore, the implementation
of an operational (probabilistic) hydrometeorological forecast system is ongoing for the
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Sihl catchment. This project was initiated during the extension of the central station of
Zurich, as the construction work reduces the runoff cross section of the Sihl.
Probabilistic considerations of uncertainties has long been left to the meteorological
side of coupled model systems. While this has changed during the last two decades, it is
sometimes still disputed how, and whether at all, the uncertainty information should be
communicated to end-users/decision-makers, and whether some of the currently applied
methods for uncertainty estimations are yielding too much spread (see, e.g., Beven, 2006,
and subsequent replies).
Of course it is tempting to set up a fully automated system based on cost/loss calculations and optimization routines, resulting in a "yes" or "no" answer for predefined
thresholds and events. But, are we really confident about the feasibility of assumptions
and simplifications within the model system? Can we reliably define the needed cost/loss
functions? What is the monetary value of a life within a cost/loss calculation? What is
the role of a decision-maker, if the actual decision-making is delegated to the model system? What is the social acceptance of a model construct that takes statistically correct
decisions (in the long term), but misses an event/triggers a false alarm?
First experiences from MAP D-PHASE have shown, that the ability of end-users to
handle uncertainty information should not be underrated. They have to cope with uncertainty anyway, whether explicitly stated by probabilistic forecasts or implicitly by the
experience gained from model performance during previous events.
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Abstract
Although representation of hydrology is included in all regional climate models (RCMs),
the utility of hydrological results from RCMs varies considerably from model to model.
Studies to evaluate and compare the hydrological components of a suite of RCMs and
their use in assessing hydrological impacts from future climate change were carried out
over Europe. This included using different methods to transfer RCM runoff directly to
river discharge and coupling different RCMs to offline hydrological models using different
methods to transfer the climate change signal between models. The work focused on
drainage areas to the Baltic Basin, the Bothnian Bay Basin and the Rhine Basin. A
total of 20 anthropogenic climate change scenario simulations from 11 different RCMs
were used. One conclusion is that choice of GCM (global climate model) has a larger
impact on projected hydrological change than either selection of emissions scenario or
RCM used for downscaling.

A.1 Introduction
This paper focuses on interpreting the hydrological response to projected changes in
climate that for brevity we define as "hydrological change". Earlier work exists for
a host of different drainage basins (Kaczmarek et al., 1996; Vehvihäinen and Huttunen,
1997; Gellens and Roulin, 1998; Arnell, 1999; Hamlet and Lettenmaier, 1999; Middelkoop
et al., 2001; Andréasson et al., 2004; Vanrheenen et al., 2004). The typical approach for
such studies is to evaluate representative climate changes from the climate models and
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Figure A.1: Location map of basin study areas.
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introduce these changes to a hydrological model. The majority of previous studies were
based on climate change results from global general climate models (GCMs), while some
included results from a regional climate model (RCM).
For this study, climate change inputs were derived from an ensemble of regional climate model (RCMs) simulations produced in the PRUDENCE Project (Christensen
et al., 2007). RCMs provide a means to add regional detail to GCM simulations. Evaluating added benefits from RCMs and how additional uncertainty is introduced by using
different models was a primary focus of PRUDENCE. More specific to hydrological applications is how well the hydrological cycle is represented. Although climate models
include full representation of the hydrological cycle and usually resolve the overall water
balance, they typically do not provide sufficient detail to satisfactorily address impacts
on hydrology and water resources. Therefore, hydrological models are used.
This paper addresses how differences in the climate models affect estimates of projected
hydrological change. Other changes due to direct human activity (e.g. modifications to
floodplains or vegetation) are not considered here. For a suite of models applied over
Europe, we evaluated the hydrological components from the RCMs by first comparing
the partitioning of precipitation into evapotranspiration and runoff, and then using two
different river routing schemes to compare to observed river discharge. The RCM simulations were further tested by inputting precipitation and temperature results directly
into a hydrological model. Climate change impacts on river discharge were evaluated by
using different methods to transfer the RCM simulation results to hydrological models
(see also Graham et al., 2007). The drainage basins studied were the Bothnian Bay
Basin and the entire Baltic Sea Basin in Northern Europe, and the Rhine River Basin in
Central Europe (Fig. A.1).

A.1.1 The Baltic Sea Basin
The Baltic Sea Basin covers some 1.6 million km2 in 14 nations – Belarus, Czech Republic, Denmark, Estonia, Finland, Germany, Latvia, Lithuania, Norway, Poland, Russia,
Slovakia, Sweden and Ukraine. It is characterized by boreal forests in the north and
agriculture in the south. The five largest rivers in descending order are Neva, Vistula,
Daugava, Neman, and Oder. Several large lakes lie in the basin, including the two largest
in Europe, Lake Ladoga and Lake Onega, both in Russia. There are mountains in the
northwest (Scandinavian Mountains) and in the south (Carpathian Mountains). In total,
85 million people live in this region, with the highest concentrations in the south.

A.1.2 The Rhine River Basin
The Rhine River Basin originates in the Alps of Central Europe and flows generally
northwest to the North Sea. The total catchment covers 185,000 km2 in nine nations –
Switzerland, Austria, Italy, Liechtenstein, Germany, France, Luxembourg, Belgium and
The Netherlands. Some 50 million people live in this basin. It includes three major
hydrological areas; these are Alpine, German Middle Mountain and Lowland.
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A.1.3 Regional climate models used
Due to the varying extent of RCM model domains and other limitations, all 11 PRUDENCE RCMs (Christensen and Christensen, 2007) were not used in all of the hydrological studies. Table A.1 shows a summary of hydrological applications and the RCMs
used. The majority of simulations were performed with a horizontal resolution around 50
km, using the global HadAM3H scenario A2 for boundary driving conditions. Two simulations were performed with 25 km resolution (henceforth referred to as RCAO25 and
HIRHAM25). Four simulations used the global ECHAM4/OPYC3 for boundary conditions (henceforth designated with "E" after the name). For all cases, 30-year control
climate simulations of present climate representing the period 1961–1990 were compared
to future climate simulations representing the period 2071–2100. More detail on the
RCMs and their results are found in Christensen and Christensen (2007), Déqué et al.
(2007), and Jacob et al. (2007). The future climate scenarios are based on the IPCC (Intergovernmental Panel on Climate Change) A2 and B2 SRES anthropogenic emissions
scenarios (Nakićenović et al., 2000).

A.2 Modelling and analysis
A.2.1 River routing
Runoff generated from RCMs is the instantaneous excess water per grid square, without
any translation or transformation for groundwater, lake and channel storage, or transport
time. Two river routing schemes were used to convert RCM runoff to river discharge in
offline applications. These are the HD Model, which was used for both the Baltic Basin
and the Rhine Basin, and the RCroute scheme, which was used for the Baltic Basin.
RCroute uses runoff directly from the RCMs whereas the HD Model performs its own
re-partitioning of RCM precipitation into runoff and evapotranspiration. Both operate
on a daily time step.
HD model
The HD river discharge model (Hagemann and Gates, 2001) simulates the lateral freshwater fluxes at the land surface. This has been applied and validated on the global scale,
and is also part of the coupled atmosphere-ocean ECHAM5/MPI-OM GCM (Latif et al.,
2003). Inputs required are daily time series of surface runoff and drainage from the soil.
Applied on a standard 0.5◦ horizontal grid, these are converted into the three flow processes of overland flow, baseflow and river flow. The model parameters are functions of
(1) topography gradient between gridboxes, (2) slope, (3) length, (4) lake area, and (5)
wetland fraction for each gridbox.
Some modifications to the standard HD Model were needed. As only total runoff
(surface runoff plus drainage) was available from the RCMs, it was necessary to partition
this into representative components for fast and slow runoff responses. This was done
with a simplified land surface scheme (SL), which uses daily fields of precipitation, 2 m
temperature and evapotranspiration (Hagemann and Jacob, 2007).
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Table A.1: Summary of RCM simulations used in this study. Each "x" indicates a projected
hydrological change simulation. The table headings specify boundary GCM, hydrological basin, hydrological application, SRES emissions scenario and approximate
RCM resolution. (*ARPEGE is technically a GCM, but it uses a variable resolution
grid that corresponds to RCM resolution over Europe, see Déqué et al. (2007).)

HadAM3H(150 km)
Baltic Basin
HBV-Baltic

RCM
REMO
HIRHAM
(HIRHAM25)
CLM
RACMO
ARPEGE*
CHRM
HadRM3H
HadRM3P
RCAO(RCAO25)
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RegCM
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50 km
x
x
x
x
x
x
x
x
x
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50 km

A2
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RCroute
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HD
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x
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x
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x
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HBV-Baltic
A2
50 km

B2
50 km

x

x
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x
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RCroute
The RCroute scheme is the river routing module from the Rossby Centre Regional Atmosphere Ocean Model (RCAO; Döscher et al., 2002). Here, it is used in standalone mode,
where input is total daily runoff generated from the PRUDENCE RCMs. RCroute uses
the same runoff response routine and subbasin delineation as HBV-Baltic (see below). It
consists of a series of two linear reservoirs that represent fast and slow runoff responses.
Flow recession parameters are associated with each linear reservoir for each subbasin
modeled. Total runoff generation is the input to the routing routine and river discharge
from the subbasins is the output. Where upstream subbasins connect to a downstream
subbasin before reaching the sea, calibrated lag times were applied. The result is daily
average river discharge in m3 s−1 to the Baltic Sea from each of the coastal subbasins.

A.2.2 Hydrological modelling
Two hydrological models were used in this study; the conceptual rainfall-runoff HBV
Model (Lindström et al., 1997) for the Baltic Basin and the physically based distributed
WASIM Model (Schulla, 1997) for the Rhine Basin. The two models were applied under
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substantially different considerations and scales. HBV could be used to generate many
simulations of hydrological change whereas WASIM provides a more detailed distribution
of hydrological results over a given basin.
HBV-Baltic
The Baltic Basin Water Balance Model – HBV-Baltic – was developed to perform largescale hydrological modelling over the basin (Graham, 1999, 2004). It includes routines for
snow accumulation and melt, soil moisture accounting, groundwater response and river
routing. Although it uses large subbasins, detailed topography is included in the form
of elevation zones. It operates on a daily basis using 2 m temperature and precipitation
as inputs. A database of monthly runoff to the Baltic Sea (Bergström and Carlsson,
1994) was used for model calibration and verification. The simulated time period used
as a baseline in this study was 1980–2003. Analysis here generally focuses on the five
main Baltic Sea subregional drainage basins shown in Fig. A.1. Model performance is
evaluated by the Nash and Sutcliffe (1970) efficiency criterion, R2, which is a sum of
squares function of the variance in observed river discharge to the variance in computed
river discharge. The calibrated monthly efficiency criteria over the period 1980–1991
for the five sub-regional drainage basins are 0.95, 0.94, 0.81, 0.81 and 0.73, respectively,
resulting in a value of 0.91 for the total Baltic Basin (a perfect fit would be 1.0; Graham,
1999).
WASIM
The Water Flow and Balance Simulation Model – WASIM – uses a horizontal grid size
of 1 km for the Rhine Basin and operates on an hourly time step (Kleinn et al., 2005).
It includes a soil-vegetation-atmosphere-transfer scheme (SVAT), a soil–water model, a
groundwater model, and a runoff generation and routing scheme (Jasper and Kaufmann,
2003; Jasper et al., 2004). The WASIM simulations in this study cover 20 subcatchments
of the Rhine River down to Cologne for a total area of 145,000 km2 . Results are summarized for river discharge stations along the Rhine at Diepoldsau, Rheinfelden, Kaub,
and Cologne, as well as for Untersiggenthal on the Aare River and Cochem on the Mosel
River.

A.2.3 Transferring climate change from RCMs to hydrological models
Transferring the signal of climate change from climate models to hydrological models is
not a straightforward process as meteorological variables from climate models are often
subject to systematic errors. For example, in the Alpine region, many RCMs exhibit a
dry summertime precipitation bias on the order of 25% (Frei et al., 2003). Including such
biases would affect hydrological simulations considerably.
Most studies of hydrological change to date have resorted to a delta approach (Hay
and Leavesley, 2000), adding the change in climate to an observational database that
is then used as input to hydrological models to represent the future climate. A major
disadvantage of the delta approach is that representation of extremes from future climate
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scenarios effectively gets filtered out in the transfer process. The extremes resulting
from this approach are simply the extremes from present climate observations that have
either been enhanced or dampened according to the delta factors. More direct methods
have recently been investigated. This requires modification to RCM outputs to correct
for biases before transfer to hydrological models. Although such methods also have
limitations, they are more consistent with the RCMs compared to the delta approach
(Lenderink et al., 2007).
The studies performed here use both the delta approach, which is robust regardless
of the quality of the RCMs, and more direct methods, which work best if seasonality
is well-represented. The HBV Model was applied with both approaches. The WASIM
Model used only a more direct, bias-correction approach.
HBV application
The signal of climate change was transferred from the RCMs to HBV-Baltic via 2 m
temperature, precipitation and evapotranspiration. As mentioned above, only changes
between the future and the present climate simulations were used for the delta approach.
Projected climate changes are most pronounced for colder temperatures (i.e. winter) in
Northern Europe. Therefore, algorithms were derived from the climate simulation results
to relate the magnitude of future change to present-day average daily temperatures. This
provides a distribution of the change in temperature that represents the RCM simulated
seasonal changes more accurately than simple monthly or seasonal means would. Trends
in changes to precipitation were less systematic; these were input using monthly change
factors applied to daily precipitation values.
Evapotranspiration is calculated by the hydrological model according to a temperature index method. Although this works well for present-day conditions where one can
calibrate relevant parameters, there is no way to assure that this is valid for the future
climate. Evapotranspiration was therefore modified in the future climate hydrological
simulations so that the annual percent change matched the RCM simulations. More
detail on delta procedures is found in Andréasson et al. (2004).
For the direct approach, 2 m temperature results from the RCMs was input directly
per subbasin of HBV-Baltic. Biases in precipitation were adjusted with a simple precipitation scaling approach that corrected the mean annual RCM precipitation from control
simulations to match the mean annual precipitation from observations used as a baseline
condition. No attempt was made to perform seasonal precipitation bias corrections. A
similar approach that includes seasonal corrections of both temperature and precipitation
was tested for the Lule River Basin as reported by Graham et al. (2007). Evapotranspiration changes were restricted to match the respective RCM, as in the delta approach.
WASIM application
WASIM simulations were only performed with the CHRM RCM (Vidale et al., 2003).
RCM results for precipitation, 2 m temperature, net radiation, relative humidity, and
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wind speed were transferred from the CHRM grid (56 km) onto the WASIM grid (1 km)
using parameter-specific interpolation schemes.
A simple bilinear interpolation was used for relative humidity and wind speed. For
2 m temperature, a lapse-rate approach was applied, where standardized temperatures
are bilinearly interpolated to the WASIM grid and then lapsed to the elevation of the
WASIM grid points. For precipitation high-resolution observational climatology was used
(Schwarb et al., 2001) to introduce fine-scale precipitation patterns. This distributes
precipitation within an RCM gridbox according to the climatological pattern, which is
dominated by topographic features (Widmann and Bretherton, 2000).
Temperature and precipitation data from the RCM were corrected for systematic errors. The biases were determined from a simulation using the large-scale boundary
conditions from the ECMWF 40-year reanalysis (ERA-40; Uppala et al., 2005) as a baseline period, compared to observed temperatures in the New et al. (2000) data set and
observed precipitation in the Frei and Schär (1998) data set.

A.2.4 Empirical snow analysis
Mountain snowpack is a considerable control on surface runoff in the European Alps as
it determines the timing of peak river discharge during melting in the spring and sustains discharge in numerous rivers during summer periods. Changes in temperature and
precipitation will modify snow amounts and duration. However, orographic precipitation
in general, and snowfall in particular, are among the most difficult variables to simulate,
even at high spatial and temporal resolutions (Marinucci et al., 1995; Giorgi and Mearns,
1999).
As a complement to modelling approaches, observational studies of the behavior of
the alpine snowpack were applied (Beniston et al., 2003). This resulted in empirical
relationships of how both the amount and duration of snow changes at various altitudes
as a function of the type of winter (i.e., warm/moist, warm/dry, cold/moist, or cold/dry).
The volume of snow in the Alps was determined under current climatic conditions (1961–
1990) and departures of snow volume from average conditions during mild winters could
be identified. Such information provides an analog to what could be expected in the
future when similar mild winters are likely to occur with greater frequency.

A.3 Results for the Baltic Basin
Eight different RCMs were used for the Baltic Basin with the HD Model, RCroute and
HBV-Baltic (Table A.1). A total of 18 scenario simulations were made with HBV-Baltic.

A.3.1 Analysis of the RCMS – BALTIC
The mean annual cycle of precipitation, 2 m temperature and evapotranspiration from
RCM control simulations is presented in Fig. A.2 for the Bothnian Bay and in Hagemann
and Jacob (2007) for the total Baltic Basin. Comparison is made to GPCP (Global Precipitation Climatology Project; Huffman et al., 1997) and CMAP (CPC Merged Analysis
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Figure A.2: (a) Precipitation, (b) 2 m temperature and (c) evapotranspiration from RCM control
simulations for the Bothnian Bay Basin.

of Precipitation; Xie and Arkin, 1997) databases. The GPCP data have been corrected
for gauge losses, but this correction is reported to overestimate precipitation (Rudolf and
Rubel, 2005). The CMAP data are uncorrected gauge data. One would thus expect
"real" precipitation values to fall somewhere between GPCP and CMAP values. From
this comparison, RCMs do a reasonable job of representing the seasonal distribution of
precipitation in this region, but tend to overestimate its magnitude.
Regarding 2 m temperature, the RCM simulations are more evenly distributed around
the observations. Annual biases for the total Baltic Basin range from -1.3 to +0.9◦ C.
Evapotranspiration varies considerably between the RCMs throughout the year. Results
from ERA15 (ECMWF 15-year reanalysis) coincide fairly well with the multi-model ensemble mean during warm months, but are lower during cold months. This could indicate
that cold season evapotranspiration is overestimated by many of the models, however
there is considerable uncertainty associated with the ERA15 estimate (Hagemann et al.,
2004).
An important factor in determining how well the hydrological cycle is represented by
climate models is how they partition precipitation into evapotranspiration and runoff
generation, as shown in Fig. A.3a for annual RCM values for the Baltic Basin. Results
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Figure A.3: RCM partitioning of precipitation into evapotranspiration and runoff generation
over (a) the total Baltic Basin and (b) the Rhine Basin. All used HadAM3H boundary conditions with the exception of two that used ECHAM4/OPYC3 (marked with
"E"). HBV-Baltic results using observations are also shown in (a) (HBV-base).

from HBV-Baltic using observations are also shown. As the latter were calibrated to observed river discharge, they should better represent the basinwide hydrological processes.
Comparing these, many of the RCMs appear to overestimate evapotranspiration for the
Baltic Basin, while runoff generation is underestimated.
Total river discharge from Bothnian Bay using the HD Model and RCroute for the
RCM control simulations is shown in Fig. A.4. The two modelling approaches result in
generally similar representations of the seasonal river flow. However, peak flows from the
HD Model tend to occur almost 1 month later than those from RCroute. The magnitude
of the peaks also varies between the models.
A further test of the hydrology in the RCMs used precipitation and temperature from
control simulations directly in HBV-Baltic to produce estimates of river discharge, akin to
Graham and Jacob (2000). Most models show overestimation of river discharge throughout the Baltic Basin, in some cases by as much as 70% more than observations (Table A.2). This reflects the overestimation of precipitation over this region by most of the
models.
RCM generated changes in precipitation, 2 m temperature and evapotranspiration are
shown in Fig. A.5 for the Bothnian Bay and in Hagemann and Jacob (2007) for the total
Baltic Basin. Maximum changes in both precipitation and temperature occur during
colder months. The model spread around the mean temperature signal is relatively
small. Exceptions are HadRM3P, which deviates considerably from the other models
in the summer, and CLM that shows large peaks in May. The largest increases in
evapotranspiration are also shown for winter.
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Figure A.4: Routed river discharge from RCM control simulations for the Bothnian Bay Basin
from (a) HD Model and (b) RCroute.

A.3.2 Hydrological simulations of climate change – Baltic
River discharge from hydrological simulations using HBV-Baltic together with RCM
climate change simulations is shown in Figs. A.6, A.7, A.8, and A.9, summarized as total
inflows to the five main sub-regional Baltic Sea drainage basins and for the total Baltic
Basin. The shaded area represents the present-day climate with results from HBV-Baltic
using observations as model inputs for the baseline period of 1980-2003.
Figure A.6 shows the A2 RCM simulations. Results between the different models for
the HadAM3H simulations generally follow a similar pattern with the exception of more
pronounced deviation by two models in late summer and early autumn. This is most
clearly seen in the plot for the total Baltic, which is the accumulation of flow from all
of the basins. The two simulations available using ECHAM4/OPYC3 show higher mean
river discharge in all basins except for the Baltic Proper, compared to the HadAM3H
simulations.
Figure A.7a shows the B2 RCM simulations. Here again, the ECHAM4/OPYC3 simulations show higher future river discharge through most of the Baltic Basin as compared
to HadAM3H. Figure A.7b shows results according to variations in RCM resolution,
including two RCMs at 50 and 25 km resolution shown together with a hydrological
simulation using HadAM3H (150 km). Little difference is apparent for the northernmost
Bothnian Bay, but differences increase for basins further south and east. Although not
shown here, larger differences are found for Bothnian Bay if one looks separately at the
western part of the basin versus the eastern part.
Figure A.8a shows results using direct input of precipitation and 2 m temperature from
the control simulations after precipitation scaling to present-day observations. As only
annual precipitation amounts were adjusted, the seasonal distribution of precipitation
comes directly from the RCMs. Figure A.8b shows results after applying the same
precipitation scaling factors to the corresponding A2 scenarios of these RCMs. Although
there are obvious differences between the three model simulations shown, they all differ
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Figure A.5: Change in (a) precipitation, (b) 2 m temperature and (c) evapotranspiration from
RCM-H/A2 scenario simulations for the Bothnian Bay Basin. The pronounced percent increases in (c) for some models reflects the relatively small evapotranspiration
values generated for the control climate.

considerably in character from the A2 delta approach simulations (Fig. A.6a). Peak flows
and low flows from the precipitation scaling approach are higher and lower, respectively,
compared to the delta approach. The considerably lower river flow for the RACMO
simulations for the eastern and southern basins (Gulf of Finland, Gulf of Riga, Baltic
Proper) follows from lower precipitation in the RACMO-H/A2 simulation.
Figure A.9 shows the period maximum and minimum values corresponding to the same
50 km scenario simulations using precipitation scaling (Fig. A.8). Also shown are values
from the corresponding delta approach simulations. The simulations with the scaling
approach show different patterns of extremes that more closely reflect the variability
coming from the RCMs. The maximum and minimum curves from the delta approach
follow each other quite closely, showing little difference between the two simulations.
Figure A.10 shows routed river discharge from RCM-A2 scenario simulations for the
Bothnian Bay Basin from the HD Model and RCroute. Both applications show similar
trends of increased river flow for winter/spring months and decreases during summer,
which are in agreement with the offline HBV-Baltic results above. However, the range
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Figure A.6: Mean daily river discharge from HBV-Baltic using the delta approach for RCM-A2
scenarios at ∼50 km resolution, driven by (a) HadAM3H and (b) ECHAM4/OPYC3.
Shown in gray shading is the present climate.
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Figure A.7: Mean daily river discharge from HBV-Baltic using the delta approach for (a) RCMB2 scenarios at ∼50 km resolution driven by HadAM3H and ECHAM4/OPYC3,
and (b) RCM-A2 scenarios driven by HadAM3H at resolutions of ∼25 and ∼50 km,
and HadAM3H at ∼150 km. Shown in gray shading is the present climate.
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Figure A.8: Mean daily river discharge from HBV-Baltic using the precipitation scaling approach
for three RCMs driven by HadAM3H-A2 for (a) control simulation, and (b) scenario
simulation. Shown in gray shading is the present climate.
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Figure A.9: Model period maximum and minimum daily river discharge from HBV-Baltic using both the precipitation scaling approach and the delta approach for two RCMs
(RACMO and RCAO) driven by the HadAM3H-A2 scenario. Shown in gray shading
are corresponding maximum and minimum values for the present climate.
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Table A.2: Mean annual river discharge from HBV-Baltic using direct input of precipitation and
2 m temperature from RCM control simulations. Most of the RCM simulations used
boundary conditions from HadAM3H. Two RCMs used boundary conditions from
ECHAM4/OPYC3 and are specified with "-E" in the model name. Observations
shown in the top row are from 1961–1990. The separate column to the right shows
the percent difference between each control simulation and observations for the total
Baltic Basin. "BB" Bothnian Bay, "BS" Bothnian Sea, "GOF" Gulf of Finland,
"GOR" Gulf of Riga, "BP" Baltic Proper, "BT" total Baltic Basin

Observations
REMO
HIRHAM
HIRHAM-E
HIRHAM25
CLM
RACMO
ARPEGE
CHRM
HadRM3H
HadRM3P
RCAO
RCAO-E
RCAO25

River Discharge (m3 /s) from the main Baltic Sea
sub-regional drainage basins and the total basin
BB
BS
GOF
GOR BP
BT
3,108 2,893 3,540 994
3,675 14,210
4,923 4,296 5,924 1,295 5,481 21,918
3,667 3,184 3,703 767
3,690 15,011
4,411 4,212 6,010 1,423 6,648 22,705
3,814 3,279 4,157 870
4,202 16,322
3,814 3,311 4,375 944
4,288 16,733
3,941 3,684 4,828 1,162 4,874 18,489
4,545 4,607 6,577 1,540 7,210 24,479
4,509 3,889 5,401 1,280 4,685 19,763
4,124 3,960 5,160 1,106 5,021 19,371
3,912 3,470 4,001 815
4,005 16,204
4,239 4,033 4,695 1,173 4,966 19,106
4,375 4,714 6,181 1,658 7,271 24,199
4,778 4,299 5,110 1,156 5,374 20,717

BT % difference

+54
+6
+60
+15
+18
+30
+72
+39
+36
+14
+34
+70
+46

of differences between RCM simulations is much greater for RCroute than for HD, particularly during cold season months.

A.4 Results for the Rhine Basin
Ten different RCMs were used by the HD Model for the Rhine Basin (Table A.1). The
WASIM Model used only the CHRM RCM simulations; these are referred to as WASIMCTRL, WASIM-A2 and WASIM-ERA40 (see Section 2.3.2) in the remainder of the paper.

A.4.1 Analysis of RCMS – RHINE
The mean annual cycle for precipitation and evapotranspiration from ten RCM control simulations over the Rhine Basin is presented in Hagemann and Jacob (2007), and
compared with observations from the GPCP and CMAP. The models all show a similar seasonal distribution for precipitation, with a common drying problem apparent in
September. Many of the models also tend to overestimate precipitation in the spring.
For evapotranspiration, the range between the models is quite large and particularly

81

A On interpreting hydrological change from regional climate models

Figure A.10: Percent change in routed river discharge from RCM-A2 scenario simulations for
the Bothnian Bay Basin from (a) HD Model and (b) RCroute.

pronounced during the warm summer months, although the multi-model ensemble mean
tends to agree well with ERA15. Partitioning of annual RCM precipitation into evapotranspiration and runoff generation is shown in Fig. A.3b. Almost all of the RCMs
show a higher percentage of runoff for the Rhine Basin than for the Baltic Basin. River
discharge simulated directly from the RCM control simulations with the HD Model is
shown in Fig. A.11. For all of the models, peak discharge is out of phase with observations. This delayed peak is partly caused by insufficient representation of the complex
snow processes in the Alpine part of the Rhine Basin in the SL scheme (Hagemann and
Jacob, 2007).
RCM generated changes in precipitation, 2 m temperature and evapotranspiration
are shown in Fig. A.12 for the Rhine Basin. Although the RCMs follow similar trends
throughout the year, large differences are apparent, particularly in summer and autumn.
Maximum temperature change is shown for the summer months, with a peak in August
for most RCMs. HadRM3P deviates considerably from the other models and RCAO
shows a large deviation in August. Regarding precipitation, an increase is shown for
mid to late winter, a considerable decrease is shown for summer, and autumn months
oscillate between increases and decreases.
Evapotranspiration for summer months remains almost unchanged for most models,
likely as a result of low soil moisture values due to the warmer, dryer future climate.
Exceptions are HadRM3P and PROMES, which show considerable decreasing and increasing values, respectively. During wetter winter months, warming enhances evapotranspiration.

A.4.2 Hydrological simulationof climate change – RHINE
Looking first at the performance for the present climate, Fig. A.13a compares Rhine
river discharge from the bias-corrected WASIM-CTRL and WASIM-ERA40 simulations
to observations. The simulations reproduce the predominant pattern of the mean seasonal
river discharge cycle at Cologne. Also the characteristic regime change along the river
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Figure A.11: HD Model routed river discharge from RCM control simulations for the Rhine
Basin.

course (Disse and Engel, 2001) is captured, from predominantly snowmelt dominated
with peak discharge in early summer (e.g. Diepoldsau) to rainfall dominated with peak
discharge in winter (e.g. Cologne). However, for the upper reaches of the basin at
Diepoldsau and Rheinfelden, the spring snowmelt peak is underestimated and occurs
approximately 1 month too late. Mean river discharge at downstream Kaub and Cologne
is overestimated, particularly for late summer and autumn.
Figure A.13b shows Rhine river discharge from WASIM-A2 compared to WASIMCTRL. An overall decrease in runoff for summer and autumn is apparent, reaching up to
40%. This primarily reflects the substantial decrease in mean summer precipitation. In
late winter and early spring, runoff increases at downstream Kaub and Cologne, reflecting
a change in regime for the larger lower elevation subbasins. These changes result from
decreased winter snow storage combined with increased precipitation and a shift in the
winter maximum precipitation to later months. For Alpine catchments at Diepoldsau
and Rheinfelden, the spring snowmelt peak occurs about 1 month earlier with a reduced
magnitude of some 20% from the control simulation.
Figure A.12d shows change in Rhine river discharge simulated by the HD Model directly from the RCM-A2 scenario simulations. As with the WASIM-A2 simulation, the
largest changes occur as decreases from summer to early winter. River discharge increases for late winter and spring. Figure A.14 compares change in river discharge using
the CHRM RCM in both the HD Model and WASIM. The two approaches agree for the
overall trend of change.

A.4.3 Consideration of snow in the Alps
Large Alpine areas in the Rhine Basin exceed elevations of 1,000 m.a.s.l. and have
seasonal snow cover with a duration of some 70 days or more per year for the present
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Figure A.12: Change in (a) precipitation, (b) 2 m temperature, (c) evapotranspiration and (d)
HD Model routed river discharge from RCM-H/A2 scenario simulations for the
Rhine Basin.

climate, on average (Schär et al., 1998). Using results from WASIM, snow cover duration
can be shown in relation to elevation. Figure A.15 shows vertical snow profiles for
the control and A2 scenario simulations from a combined Alpine area with elevations
predominantly exceeding 1,000 m.a.s.l. The reduction in the annual number of snow
cover days in the scenario is 75–100 days at 1,500 to 3,000 m.a.s.l. At 1,000 m.a.s.l.,
duration goes from about 50 days at present to about 7 days for the future. These
changes correspond to a vertical shift of snow conditions by approximately 500 m.
The empirical snow analysis examined average observed snow volume in the Alps as a
function of elevation for the present long-term mean and for winters where the average
temperature was 4◦ C warmer than the long-term mean. The maximum snow volume
is observed at an altitude of about 2,000 m.a.s.l. and tails off both above and below
this level. Reduction in snow volume during the warm winters is close to 95% at the
1,000 m level, some 40% at 2,000 m, and only about 10% at elevations above 3,500 m.
This suggests that warm conditions at low elevations would lead to little or no snow,
while changes at very high elevations would be minor. The 4◦ C temperature criterion
corresponds to scenario changes from many of the PRUDENCE RCMs for the Alps.
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Figure A.13: Mean monthly river discharge at four locations along the Rhine River for (a)
the WASIM-CTRL and WASIM-ERA40 simulations, and (b) the WASIM-H/A2
simulation. Cologne is shown with bolder lines to emphasize that it is the most
downstream location.

Empirical methods combined with climatological data (Beniston et al., 2003) were also
used to estimate the duration of snow cover as a function of mean winter temperature
and precipitation, as shown in Fig. A.16. Superimposing projected future climate change
onto the chart shows that an increase in mean winter minimum temperature of 4◦ C
would reduce the length of the snow season by more than 100 days at sites such as
Säntis (eastern Switzerland) and Arosa (south-eastern Switzerland). Such estimates can
be viable as the simulated increase in winter precipitation for the climate scenarios only
slightly offsets the influence of warming and temperature is the dominant control on snow
duration and seasonal snow accumulation (Beniston et al., 2003). The empirical result
using CHRM-A2 scenario changes leads to similar conclusions about snow cover duration
to those from the WASIM Model.

A.5 Discussion
The primary goal of hydrological change studies (as defined here) is to obtain a plausible
estimate of projected future climate impacts on hydrology and water resources. None of
the methods investigated here are completely satisfactory in their approach. However,
taken as a whole this work provides new insights.
All of the steps used in downscaling from the global climate to local hydrological
regimes add some transformation of climate information. Using multiple RCMs helps
identify how much the hydrological change signal can vary due to using different dynamical models to go from global to regional scale. Using different hydrological approaches
helps identify how much the signal can vary due to hydrological modelling. Analysis of
outputs from the RCMs themselves indicates that most of the RCMs do not provide a
reasonable apportioning of the hydrological cycle for the Baltic Basin. A much larger
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Figure A.14: Comparison of WASIM and HD Model generated Rhine river discharge changes at
Cologne using the CHRM-H/A2 scenario.

portion of precipitation goes to evapotranspiration than to runoff generation, in excess
of what is expected for this northern climate. The case of RCAO-E is an exception and
shows slightly more runoff than evapotranspiration. HIRHAM-E shows more runoff generation than the HIRHAM simulation. If these two cases are representative, it appears
that apportionment of the hydrological cycle in the models is also sensitive to the driving GCMs. For the Rhine, there is generally more variation between models, however
most show a smaller percentage of precipitation going to evapotranspiration than for the
Baltic. Thus, the RCMs show a gradient with higher apportionment of precipitation
going to evapotranspiration in Northern Europe than in Central Europe.
Runoff generation from the RCM simulations was also investigated with two river
routing models. This resulted in a wide range of results, both in timing and magnitude,
reflecting both model biases in precipitation and how the respective models partition
precipitation into runoff. For some models river discharge shows considerable deviation from observations even though precipitation may be reasonably represented. For
others, overestimation of evapotranspiration helps to dampen biases of overestimated
precipitation.Comparing routing methods, the HD Model performs its own precipitation
partitioning and enhances the RCM results. This qualitatively improves the seasonal
distribution of river discharge, although annual peak flows lag after observed peaks.
RCroute uses a simpler approach, which gives a more stringent comparison of RCM
runoff outputs. The RCM simulations were also tested by inputting precipitation and
temperature results directly into a hydrological model. Results from this rather tough
test are a further indication of the overestimation of precipitation from all models. This
shows by example why hydrological change studies require an interface between climate
models and hydrological models. As seen in this ensemble of simulations, annual river
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Figure A.15: Snow duration versus elevation from WASIM-CTRL and WASIM-H/A2 simulations for the combined Alpine area of Aare, Limmat, Reuss and Rhine subbasins.

discharge from a continental scale basin can deviate from observations by +6 to +72%
for the same representative period (1961–1990) if no scaling of present RCM inputs is
performed.
For the Baltic Basin, a number of hydrological change simulations were carried out using the delta approach to transfer the climate change signal from RCMs to a hydrological
model. The range of outcomes from an ensemble of RCMs driven by the same GCM with
the same emissions scenario represents the uncertainty due to using different RCMs. For
RCMs driven by HadAM3H, this range is fairly narrow. The largest deviation occurs
in late summer and autumn months for the Gulf of Finland and other eastern drainage
basins. According to Kjellström and Ruosteenoja (2007), the climate change signal for
precipitation in this area is affected by different approaches in the RCMs to represent
feedback from the Baltic Sea itself, in particular anomalously high sea surface temperatures (SSTs). Further applications of the delta approach included looking at varying
effects from using a different GCM, different emissions scenarios and different RCM resolutions. Use of ECHAM4/OPYC3-A2 produced considerably different river discharge
response than simulations using HadAM3H-A2. This difference is also clearly seen in
simulations from the B2 scenarios. These differences generally exceed the differences
between RCM simulations driven by the same GCM.
Results using different RCM resolutions with the delta approach are less conclusive.
There is little difference in hydrological change simulations for the Bothnian Bay Basin,
regardless of whether one uses RCMs with 25 or 50 km, or HadAM3H at 150 km resolu-
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Figure A.16: 2-D contour surfaces of snow cover duration as a function of winter (DJF) minimum temperature and precipitation, based on climatological data from 20 sites in
Switzerland. The numbered isolines refer to the length of the snow season in days.
Superimposed on the contour surface is temperature/precipitation/snow-duration
data for Arosa (1,865 m.a.s.l.) and Säntis (2,500 m.a.s.l.) for both current climate
conditions and projections of the last three decades of the twenty-first century.
Arrows indicate change from current to future climate conditions.

tion. The Bothnian Bay may be less sensitive in this application due to a combination of
coarse resolution in HBV-Baltic, and a hydrological regime dominated by energy-limited
snow hydrology (Bowling et al., 2003). Differences are more apparent in other drainage
basins, where using HadAM3H deviates considerably from all of the RCM simulations.
However, the finer resolution RCM simulations resulted in only slightly higher river flow
than simulations using the same model at coarser resolution. A possible explanation for
this is that the delta approach does not fully take advantage of differences that result in
RCMs due to increasing resolution.
Use of precipitation scaling as a transfer method to hydrological models provides results that are more consistent with the RCMs. Although past studies have calculated
changes to such variables as the 100-year flow (e.g. Bergström et al., 2001), such results
are of limited use when based upon the delta approach. In comparison, hydrological
simulations with precipitation scaling provide representation of changes in variability.
However, RCM simulations with large biases in the seasonal cycle do not respond well to
simple precipitation scaling. This leads to additional scaling to get good representation

88

A On interpreting hydrological change from regional climate models
of hydrological regimes in the present climate (Graham et al., 2007). This methodology
shows promise, but one must keep in mind the alterations that are made to the RCM
results, and the important assumption that RCM model biases in the future climate are
systematically the same as in the control climate. The more scaling applied, the further
away one gets from "direct" use of the RCM.
Regarding hydrological change from river routing techniques, the magnitude of these
results are highly influenced by RCM biases. They are best used when expressed as
percent change in river discharge. Despite large differences in individual RCM simulations, the overall signal of the response is in agreement between the HD Model and
RCroute. These are also qualitatively in agreement with the results using HBV-Baltic.
However, choosing a single RCM as a basis for further impact study, e.g. socio-economic
response, would result in quite different answers depending on the model used. Results
from the HD Model show a narrower range of uncertainty around the mean than those
from RCroute. This is likely due to more consistency in partitioning precipitation to
runoff with the SL scheme (Hagemann and Jacob, 2007).
High resolution hydrological change simulations using the WASIM model for the Rhine
Basin provide detailed modelling of hydrological regimes at a horizontal resolution of 1
km and a timestep of 1 h. Although results are promising, one should question their
applicability at the finest scales of the model. It is also evident that WASIM is less
skillful in Alpine catchments compared to flatland catchments. As precipitation scaling
was used, one explanation is inadequate precipitation distribution over the Alps in the
CHRM simulation (Kleinn et al., 2005). Additional factors include the lack of a glacier
model, and lack of lake retention and regulation in WASIM, all of which become more
important the finer the resolution of the model.
The percent change in river discharge from the HD Model over the Rhine Basin is in
basic agreement with WASIM at Cologne. Change in river discharge from the other nine
RCMs provides some estimate of the general uncertainty in hydrological change from
these models over the Rhine Basin. This range is considerably narrower than shown for
the Bothnian Bay. This implies that the RCMs react with a more unanimous signal of
hydrological change for the Rhine than for Bothnian Bay farther north. Recognizing the
complexity of representing the Alps with numerical models, an alternative approach is the
use of empirical methods to estimate changes in the snowpack. The methods presented
here complement modelling techniques by providing an independent check on model
results. A potential application would be to use these relationships as a type of updating
approach within the models themselves, although this warrants further investigation.

A.6 Conclusions
A.6.1 Model outcomes
Using different RCMs with the same GCM forcing and emissions scenario results in similar hydrological trends. Using different GCMs for forcing the RCMs has more effect
on hydrological impacts than using different RCMs with the same GCM forcing. Partitioning of precipitation into evapotranspiration and runoff varies widely between RCMs
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and many tend to overestimate evapotranspiration in the Baltic Basin. Use of the delta
approach to transfer climate change to hydrological models offers a robust method to
compare average outcome from different climate models, but not hydrological extremes.
Using a scaling approach better preserves changes in variability from the RCMs, however
successful use of precipitation scaling varies between RCMs. River flow routing of RCM
runoff can be used to analyse both model performance and scenario trends, but regard
must be given to the precipitation biases that most RCMs show.

A.6.2 Projected Baltic Basin hydrological impacts from future scenario
simulations
Summer river flows show a decrease of as much as -22%, while winter flows show an
increase of up to 54%, on average for the total Baltic Basin. Annual river flows show
an increase in the northernmost catchments, while the southernmost catchments show a
decrease. The occurrence of medium to high river flow events shows a higher frequency.
High flow events show no pronounced increase in magnitude on the large scale. The
greatest range of variation in flow due to different RCMs occurs during summer and
autumn.

A.6.3 Projected Rhine Basin hydrological impacts from future scenario
simulations
Summer and autumn river flows show a decrease of as much as -42% , while winter flows
show an increase of up to 14%, on average for the Rhine Basin. Most of the winter river
flow increase comes from lowland catchments. Winter river flow increase for lowland
catchments is cancelled out by a decrease in alpine catchments in some years. Snowpack
volume in Alpine catchments could be reduced by up to 60% and snowmelt peak flows
shift to occur earlier in the season. Snowpack duration in Alpine catchments shows a
reduction of about 3 weeks for each degree (◦ C) of warming.

A.6.4 Socio-economic relevance
The water sector must oversee the management of both excess and scarcity of water
in society. Specific applications of relevance include, among others, municipal and industrial water supply, hydropower, flood prevention, drought management, irrigation
management, dam safety, storm sewer design and maintenance, and nutrient transport
analysis. Identification of potential trends for change thus has both strategic and policy
implications.
Conclusions about model outcomes provide an indication of how large the range of
uncertainties is according to different model combinations and configurations. This provides insight into the error sources of impacts assessments. It also highlights how impact
assessment results can vary with different hydrological methods.
Conclusions about the specific river basin impacts provide initial insight to decisionmakers on how hydrological regimes in these areas will respond to projected climate
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change. For some sectors this overview may be enough to initiate preliminary action; for
others this may identify where further or more detailed studies are needed.
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Abstract
Forecast uncertainties in numerical weather prediction are dealt with probabilistic forecasts by Ensemble Prediction Systems (EPS). This paper discusses strategies of evaluation of probabilistic daily precipitation forecasting with rain station data in Swiss
catchments. The focus is on station network density and spatial representativity of
point–like rain station data in evaluation experiments at catchment scale; and we discuss
the regionalization of station data to catchment scale. Additionally, we demonstrate the
limitations of linear regression type regionalizations, such as Kriging; and we promote
regionalization by stochastic simulations conditioned to the available observations. The
stochastic regionalization permits the consideration of either an ensemble of deterministic observational references (an ensemble of yes/no decisions if the precipitation event,
e.g. more than 10 mm/d, is observed) or a probabilistic reference (the event is observed
with some probability in the interval [0, 1]). Thus, an ensemble of stochastic regionalizations allows for an easy quantification of the observational reference’s uncertainty
caused by limited network density, and sub-sequently the uncertainty quantification of
the evaluation.
This paper evaluates exemplary precipitation forecasts by the COSMO consortium’s
limited–area ensemble prediction system COSMO–LEPS. The applied performance measures are the often used Brier Skill Score (BSS) and the recently developed Mutual
Information skill Score (MIS). With the available rain station data it can be shown that
the Swiss–mean forecast performance (evaluation area 41 300 km2 ) decreases significantly
with forecast lead time. In smaller Swiss catchments (∼ 1 500 km2 ) this cannot be shown
with significance because of the reference’s uncertainty, although the Swiss rain gauge
network is relatively dense (mean distance ∼ 7 km).
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Figure B.1: Switzerland (total area: 41 300 km2 ) and three catchments named Thur (1 700 km2 ),
Aare (1 200 km2 ), and Hinterrhein (1 500 km2 ). The circles show the locations of the
rain station network ALL and the subset indicated by the crosses show the locations
of the network SUB.

B.1 Introduction
Weather forecast systems have to be evaluated and evaluation errors have to be quantified. Nowadays, limited–area numerical weather prediction systems provide meteorological forecasts with kilometer–scale horizontal grid spacing. High–resolution precipitation
forecasts are of primary interest. For example, in flood forecasting systems the precipitation details are a crucial input parameter. Here, as an illustrative example daily
area-mean precipitation forecasts in Switzerland with a total area of 41 300 km2 and in
Swiss mountainous catchments with a typical area as small as about 1500 km2 shall be
evaluated (cf. Fig.B.1).
Recently, ensemble prediction systems (EPS) became operational which predict forecast probabilities by integration of an ensemble of numerical weather prediction models
from slightly different initial states and model parameters (Ehrendorfer, 1997; Palmer,
2000). The motivation for the EPS is that the spread in the ensemble forecasts indicates
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forecast uncertainty and the interpretation of the forecast probabilities provides better
results than interpretation of one single deterministic forecast that is initiated by the best
known but nethertheless uncertain atmospheric state. Zhu et al. (2002) showed with a
simple cost–loss model that for most users the ensemble forecasts offer a higher economic
value than the deterministic forecast.
Here, EPS precipitation forecasts of the limited–area EPS COSMO–LEPS (Montani
et al., 2003) with grid–spacing of 10 km are evaluated. The evaluation period covers the
years 2005 and 2006 and the evaluation areas are Switzerland and three Swiss catchments
(cf. Fig.B.1). These three catchments are one pre–alpine catchment, the Thur, and two
alpine catchments, the Aare (part of an elongated wet anomaly extending along the
northern rim of the Alps) and the Hinterrhein (relatively dry inner–alpine area).
The most important ingredient of evaluation of meteorological forecasts is comparison
with meteorological observations. But what is the best observational reference? Rain
station data is commonly preferred to remote sensing data, in particular radar data,
because of the relatively large measurement uncertainties especially in mountainous area
(e.g., Young et al., 1999; Ciach et al., 2000; Adler et al., 2001).
A typical distance between precipitation observation sites with daily observation frequency in the European Alps is 10 km and substantially more if near–real time data is
considered (cf. Fig.B.1 for the distribution of precipitation stations in Switzerland). This
is a comparatively dense observation network but precipitation is a quantity with high
spatial variability. Therefore, it is a valid question to ask if such a density of observations
allows for evaluation of daily catchment precipitation forecasts. What is the uncertainty
in observational estimates of catchment–mean precipitation and is the resulting evaluation uncertainty small enough to compare different versions of the EPS over reasonably
short (e.g. three months) evaluation periods?
Observational estimates of catchment–mean precipitation can be determined by a various set of methods. The most simple method is the approximation of the catchment–mean
precipitation by the arithmetic mean of the in-catchment rain–station observations. More
elaborate methods regionalize the observations and average the resulting precipitation
field in the catchment. Regionalization can be made by some fitting approach yielding a
precipitation analysis. For example, a recent analysis of precipitation for the European
Alps by Frei and Schär (1998) has a time resolution of 24 h and a spatial grid of about
25 km with regionally even lower effective resolution depending on the available surface
station network. This type of analysis is useful for model validation at the 100 km–scale
(see, e.g., Ahrens et al., 1998; Ferretti et al., 2000; Frei et al., 2003), but probably yields
substantial evaluation uncertainties at smaller scales. The fitting analysis is a smoothing
regionalization. This deteriorates the application in higher–moment evaluation statistics
if the network is not dense enough. The statement ‘dense enough’ critically depends on
the pixel support of the observations (what is the area an observation is representative
for?) and the analysis scheme.
Another regionalization approach is stochastic simulation of precipitation fields with
conditioning on the available station data. The idea of this is that the data is respected
and the spatial variability is represented more realistically than in the analysis. Additionally, an ensemble of observation based fields (i.e. observational references) can be
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simulated. Then the forecast can be compared with an ensemble of references which
are equally valid realizations of precipitation fields given the available measurements.
This allows for easy quantification of the evaluation uncertainty that is caused by the
averaging uncertainty as will be shown below.
A set of useful evaluation statistics has to be chosen. There are many of them discussed in the literature and the interested reader is referred to, for example, Murphy and
Winkler (1987); Wilks (2006); Wilson (2001). For illustration, we apply a small set of
skill scores only: the commonly used Brier Skill Score (BSS) and the recently developed
Mutual Informations skill Scores (MISs) (Ahrens and Walser, 2008). Both skill scores
assess the probability forecasts of dichotomous events (e.g. the probability of more than
10 mm precipitation in the period and area of interest). The observational reference is
typically assumed to be certain: the observed event probability is either zero or one; and
the uncertainty in the observed catchment precipitation is often neglected. Here, the
uncertainty of rain station averaging to the catchment scale will be considered explicitly.

B.2 Rain station precipitation data
This paper investigates precipitation in Switzerland and in Swiss catchments in the years
2005 and 2006. The considered temporal resolution of the evaluation is daily. The observational references are based on precipitation data as observed by the Swiss conventional
precipitation station network available through the national weather service MeteoSwiss
with more than 300 stations and a mean next–neighbor distance of about 7 km. The
data from this dense network is named ALL here. Also considered in the evaluation is a
coarser data subset with 65 stations, which are located close to stations of the automatic
measurement network ANETZ of MeteoSwiss with mean next–neighbor station distance
of about 17 km. This subset resembles the data availability in case of near real–time
evaluation or in less densely observed regions and is named SUB. ANETZ data itself is
not applied to avoid problems with mixing of different station types in the evaluation.
Figure B.2 shows the time series of daily Swiss–mean precipitation as estimated by the
arithmetic mean of the values observed by the network SUB.
The spatial distributions of the two station sets are illustrated in Fig. B.1. Within the
considered catchments the numbers of stations are of the order of ten in case of ALL but
only of two in case of SUB. Therefore, differences in evaluation with the different data
sets are to be expected.

B.3 Forecast data by the limited-area prediction system
COSMO–LEPS
The experimentally evaluated forecast ensemble data are supplied by the consortium for
small–scale modeling limited–area ensemble prediction system COSMO–LEPS (Montani
et al., 2003, and http://www.cosmo-model.org). The COSMO–LEPS implementation is
formally validated in Marsigli et al. (2005). We selected the years 2005 and 2006 as our
evaluation period. In that period the ensemble size was set to ten until January 2006
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COSMO–LEPS [22, and http://www.cosmo-model.org]. The COSMO–LEPS
implementation is formally validated in Marsigli et al. [20]. We selected the
years 2005 and 2006 as our evaluation period. In that period the ensemble size
was set to ten until January 2006 and to 16 afterwards (with small changes
in the physics of the prediction model), and each ensemble member’s forecast
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and to 16 afterwards (with small changes in the physics of the prediction model), and
each ensemble member’s forecast with grid-spacing of 10 km was initiated each day at
1200 UTC. Here precipitation simulations for the forecast hours 18 to 42 h, 42 to 66 h,
and 66 to 90 h (the one-, two-, and three-day forecasts, respectively) are assessed.
Each LEPS member is nested into a different representative forecast of a coarser–
grid global EPS (the operational ensemble forecast of the European Centre for Medium
Range Weather Forecasts, Reading). These representative global members are selected
by grouping the global members into ten (16 from February 2006) clusters based on
the analysis of wind and vorticity fields over a domain covering most of Europe (Molteni
et al., 2001). From each cluster the central member (with minimum distance to all cluster
members) is chosen to host a limited–area forecast. In the evaluation presented below we
consider limited–area EPS members not weighted with the cluster size. This is unlike the
operational approach but the differences in skill are small (cf. Ahrens and Jaun, 2007).
Additionally, we want to keep the ensemble size constant in the evaluation period to ease
the discussions. Therefore, we consider the ten heaviest global clusters only.
Figure B.3 shows the one-day forecast of the LEPS member that is driven by the
most representative member (the central member from the cluster with about 25% of
the global members) for 21 August 2005. This precipitation event led to major flooding
in the northern European Alps. Also given in Fig. B.3 are interpolated precipitation
observations (cf. next section). The forecast depicts the coarse–scale features of the
precipitation pattern but also over-estimates precipitation substantially in the central
region of the event.
The direct model output at grid–box scale should not be applied and some temporal
and spatial smoothing of the output is recommended for being numerically representative
(e.g. Grasso, 2000; Ahrens et al., 2003). Here, daily catchment means of precipitation
are evaluated with averages over at least 15 model grid–boxes and thus the forecasts can
be assumed numerically representative.

B.4 Observational references
The precipitation forecasts shall be evaluated at catchment scale. But how to estimate
representative observational references from the limited number of rain gauge stations
available? This has to be done by interpolation and averaging to the catchment scale.
Table B.1 summarizes the observational references applied here in evaluation.
The simplest applied method for estimation of daily catchment–mean precipitation is
arithmetic averaging of values observed within the catchment. This method results in a
single precipitation value per day and a specific precipitation event (xt ≤ x0 with xt the
precipitation at some day t with x0 a chosen event threshold) is observed or is not. In
this sense the method delivers a Deterministic Observational Reference (abbrev. DOR1).
Another method is ordinary Kriging with a spherical variogram model as interpolation
method followed by catchment averaging (named DOR2). Kriging variants are often
proposed and applied in precipitation analysis (Creutin and Obled, 1982; Atkinson and
Lloyd, 1998; Beck and Ahrens, 2004). For the necessary variogram estimation we adopted
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Figure B.3: Precipitation of 21 Aug. 2005 in Switzerland as interpolated by Kriging (upper
left panel), by stochastic simulation with ALL stations (upper right) or SUB stations (lower left), and as predicted by a 1–day forecast of the most representative
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indicated by small circles.

Abbreviation
DOR1
DOR2
MRR
POR
DOR3

Method
Arithmetic averaging of in-catchment observations
Ordinary Kriging
Conditioned stochastic simulation
Conditioned stochastic simulation
Ensemble average of MRR

Type of reference
Deterministic
Deterministic
Multiple deterministic
Probabilistic
Deterministic

Table B.1: Averaging methods and abbreviations of derived references.
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a sub-optimal but robust approach (Ahrens and Beck, 2008). From the daily data of
the year 2005 and 2006 we estimated from standardized observations a climatological
variogram range to about 40 km with a sill of 1 (mm/d)2 (by construction). For daily
analyses the sill is rescaled with the data variance. For either data set, ALL and SUB,
a local neighborhood of 8 stations is considered in interpolation. Figure B.3 shows
the Kriging analysis for the day 21 August 2005 with ALL data. The estimation of
the Kriging interpolation errors is extremely difficult in case of precipitation since the
stationarity and normality assumptions of Kriging are not very well fulfilled. Here,
the areal precipitation estimate through ordinary Kriging is considered a deterministic
observational reference (DOR2) because no uncertainty in interpolation is considered.
DOR1 and DOR2 are examples of data–fitting techniques. Therefore, it is expected
that the interpolated fields underestimate the true field variance (the smoothing relationship of Kriging states that the interpolated field variance at any location is the data
variance minus the Kriging variance) with the consequence that the variance of the catchment time series is underestimated.
An alternative interpolation approach is based on stochastic simulation of an ensemble
of precipitation fields with conditioning on the available station data. The idea is to
simulate stochastically an ensemble of field realizations that “honor” the observed data
(their point values, their areal mean, and their covariance structure) (Journel, 1974;
Chilès and Delfiner, 1999; Ahrens and Beck, 2008). Therefore, the spatial variability is
represented more realistically in the stochastic realizations than in Kriging. For the evaluation exercise an ensemble of 1000 observation–based realizations is generated per day
and catchment. Each ensemble member can be dealt with as an observational reference.
Thus, there are 1000 references and sub–sequently 1000 evaluation results per day. The
spread in the evaluation results is an uncertainty measure for the evaluation without
troublesome estimation and interpretation of the Kriging variance. Using the reference
ensemble this way is named multiple deterministic realization references (abbrev. by
MRR). The observational ensemble can also be averaged yielding daily ensemble averages. This resembles the Kriging estimate in case of very large ensembles and of identical
selection of variograms and additional interpolation parameters. The resulting reference
is deterministic and named DOR3.
Additionally, the ensemble of realizations can be interpreted probabilistically. This
means that the observational ensemble is used to determine event occurrence probabilities in the interval [0, 1] that an precipitation event is observed or not. This yields a
Probabilistic Observational Reference (POR) and allows the comparison of probabilistic EPS forecasts against the probabilistic reference POR by comparison of probability
distributions.
Stochastic interpolation is done by conditioned sequential Gaussian simulation (e.g.,
Johnson, 1987; Chilès and Delfiner, 1999, Chap. 7) as it is implemented in the geostatistical software package gstat (Pebesma, 2004). Sequential simulation involves the
generation of a Gaussian random field, conditioned to the observed data, that honors the
variogram of the random field. Since daily precipitation is a non–Gaussian, non–negative
process, the data has been normalized by a logarithmic transformation and the appliance
of variogram estimates for the transformed data based on rescaling of the climatological
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variogram with an estimated climatological range of about 100 km. For each day and
data set an ensemble of realizations with one thousand members is generated and applied
in the following comparisons. Each ensemble member is less accurate than the Kriging
analysis in a squared–error sense by construction, but respects the covariance structure
given by the observations and is a possible realization given the observational information
at hand.
Figure B.3 shows two realizations of stochastic interpolation: one is conditioned on
ALL and the other on SUB observations. As expected the stochastic interpolation is
rougher than Kriging. Additionally, it can be seen that the conditioning by ALL is more
restrictive than by SUB by comparison with the Kriging interpolation of the dense ALL
network data. Figure B.4 illustrates that in case of the SUB network there is even for
daily and Swiss averages substantial scatter in the observational reference.
Optimal interpolation of precipitation fields is an active field of research. The remaining deficiencies of the Kriging analysis and stochastic simulation upscaling motivate the
discussion of the advantages of PORs over DORs. Nevertheless, the applied methods are
state–of–the–art for daily high–resolution precipitation interpolation.

B.5 Skill scores
An often applied performance measure in evaluation of probabilistic forecasts that is also
applied here is the Brier Skill Score, BSS, (cf. Stanski et al., 1989; Wilks, 2006, and
references wherein). The BSS compares probability forecasts Yt = P (yt ≤ y0 ) at dates
t = 1, 2, . . . , T of forecast events yt ≤ y0 (y0 is a chosen event threshold: e.g. 10 mm/d in
case of precipitation forecasts yt ) with the observed event probabilities Ot = P (xt ≤ x0 )
of some observational quantity xt with related threshold x0 . Commonly, the observations
are assumed perfect and thus Ot ∈ {0, 1} – the event occurred or did not. This is the
assumption made in evaluation with the DORs. Figure B.4 shows that our knowledge
about observed event occurrence is uncertain: for several precipitation days the 90th
percentile threshold is within the confidence interval of the reference values and thus
the event occurrence probability is in between 0 and 1. Therefore, the POR is useful to
be applied and the Ot ’s codomain is the interval [0, 1]. The BSS with the probabilistic
reference POR allows for a consequent probabilistic evaluation of the LEPS forecasts.
The BSS is defined by
BS(Y, O)
BSS = 1 −
(B.1)
BS(C, O)
with the Brier score
T
X
BS(Y, O) = 1/T
(Yt − Ot )2
(B.2)
t=1

The BS is essentially the mean squared error of the probabilistic forecast. The BS(C, O)
of some climatological forecast C is introduced as a reference forecast in the BSS for
normalization. The skill score equals one in case of perfect forecasts (a perfect forecast of
an uncertain observational reference is uncertain itself) and zero if the evaluated forecast
skill compares to the skill of the climatology.
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The estimation of forecast probabilities from small EPS leads to biased BSS values
(Müller et al., 2005). The COSMO–LEPS ensemble size is ten only. Therefore, we
de-biased the BSS following Weigel et al. (2007a). Another issue is the estimation of
the climatological probability of some precipitation forecast threshold. It can not be
estimated reliably because of the short period of available COSMO–LEPS data. We
applied instead the 90th percentiles in 2005 and 2006 depending on the data–set (forecast
or observation–based, selected catchment) as thresholds. For example, the threshold for
the MRR reference with ALL is 10.1 mm/d in Switzerland and 12.2 mm/d in the Aare
catchment. The thresholds for the LEPS forecasts are 14.4 and 21.6 mm/d, respectively,
for the first forecasts day and thus event precipitation forecasts are much larger than
observed in the Aare catchment. This is consistent with larger total means and ensemble
spread in the forecast ensembles in comparison with the reference ensembles. For the third
forecast day the thresholds are slightly smaller (12.8 and 20.2 mm/d, respectively). The
data–set dependent selection of thresholds is equivalent to some forecast post–processing
and improves the BSSs slightly.
This paper applies also a new set of skill scores (Ahrens and Walser, 2008): the Mutual
Information skill Score MISY that quantifies the fraction of useful information in the
forecasts and the MISO that quantifies the fraction of information in the observational
reference that is explained by the forecasts. Here, the single threshold version is applied,
but an extension to multiple thresholds exists. The scores are based on the information
entropy available in the time series of forecasts probabilities and of probabilities given
by the observational reference:
P
(B.3)
H(Y ) = − K
k=1 P (Yk ) log P (Yk )
PK
(B.4)
H(O) = − k=1 P (Ok ) log P (Ok )
with K classes of probabilities values. The number of classes K is set to 11 since in
case of the LEPS forecasts with M = 10 members the maximum number of populated
probability classes is K = M + 1 = 11. The Mutual Information MI between the time
series of probabilities Yt and Ot is given by
MI(Y, O) = H(Y ) + H(O) − H(Y, O)

(B.5)

and after normalization the skill scores are
MISY =

MI(Y, O)
H(Y )

and

MISO =

MI(Y, O)
H(O)

(B.6)

The information entropy is a measure of the variability in the time series and of the
uncertainty in the forecasts or observational references. For example, if all forecast members deliver always the same forecasts then the a-priori knowledge about a future forecast
is larger. The forecast uncertainty is smaller than in case of spread in the forecasts. This
does not imply that the forecasts are better. In contrary, the spread in the forecasts
is too small in case of differences between forecasts and observations, which leads to
smaller mutual information between forecasts and observation than in case of reasonable
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Fig. 5. Venn diagram indicating the mutual information common to the time series
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DOR1

DOR2

BSS
MISY
MISO

0.50
0.15
0.48

0.50
0.15
0.47

BSS
MISY
MISO

0.53
0.16
0.50

0.51
0.15
0.50

DOR3
ALL
0.51
0.15
0.48
SUB
0.49
0.15
0.49

MRR

POR

0.50–0.53
0.15–0.16
0.47–0.52

0.54
0.19
0.44

0.47–0.55
0.14–0.17
0.46–0.54

0.56
0.23
0.41

Table B.2: Skill scores of the LEPS forecasts in Switzerland for the evaluation period 2006
and 2006. The one–day forecast evaluation is shown. The skill scores are estimated
against different observational references (DOR1, DOR2, DOR3, MRR, and POR)
introduced in Sec. B.4 based on either the ALL or the SUB station network. For the
reference ensemble MRR the 90 % confidence intervals of the evaluation results are
given.

as an increase of forecast performance relative to our knowledge about the observational
truth.
The values for MISO using the deterministic references DOR1, DOR2, and DOR3
are larger in case SUB than in case of the denser station network ALL. This is against
intuition. The forecasts should not explain more of the observational reference if this
reference gets more and more uncertain. This over–explanation effect is because of the
fitting characteristics of the deterministic references: less observation yields smoother
time series and thus smaller values of H(O). Over–explanation does not occur if evaluation against single observation realizations (as with MMR) or against the probabilistic
reference POR is performed.
Table B.3 summarizes the skill of the COSMO–LEPS one–day forecasts for the Aare
catchment. As to be expected the forecast skill of the COSMO–LEPS is smaller in the
smaller evaluation domain Aare than in the Swiss domain. Additionally, the observational
references are more uncertain yielding an increase in evaluation uncertainty expressed in
the larger confidence interval in evaluation against MMR. This increase in evaluation
uncertainty leads to an amplified increase of the MISY with POR and it can be stated
that the fraction of useful forecast information is almost as large in the Aare catchment
than in Switzerland given the larger reference uncertainty in the Aare catchment.
The Figs. B.6, B.7, and B.8 show the COSMO LEPS forecasts in Switzerland and the
Aare domain for the one–, two–, and three–day forecasts. Generally, the skill scores
decrease with lead time of the forecast and are better in the larger evaluation domain.
But, there are exceptions. Given the evaluation uncertainty in the Aare catchment
there is no significant difference in the BSS (Fig. B.6) between the one– and two–day
forecasts for the 10 % heaviest rain events which are evaluated. The fraction of useful
forecast information is comparable relative to the reference uncertainty in the Swiss and
Aare domain. And it is interesting to note that in terms of BSS the three–day forecast
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DOR1

DOR2

BSS
MISY
MISO

0.31
0.11
0.32

0.29
0.10
0.32

BSS
MISY
MISO

0.39
0.12
0.36

0.38
0.12
0.36

DOR3
ALL
0.27
0.10
0.32
SUB
0.28
0.10
0.29

MRR

POR

0.24–0.33
0.09–0.11
0.28–0.34

0.32
0.19
0.31

0.19–0.34
0.08–0.11
0.24–0.34

0.37
0.21
0.24

Table B.3: Same as Tab. B.2, but in the Aare catchment.

for Switzerland performs better than the one–day forecast in the Aare domain. But,
not in terms of MISY that obviously considers better the forecast (smaller domain and
thus higher temporal variability and more information in the time series) and evaluation
difficulties. The main evaluation conclusions are independent of the chosen rain station
network (ALL or SUB), but it is to be emphasized that the evaluation uncertainty with
ALL stations is already substantial in case of the smaller evaluation domain.
Here, as the event threshold usually the 90th percentiles value is chosen. Figure B.9
shows the evaluation results for thresholds determined as the 80th and 99th percentiles.
In case of one–day forecasts the MISY value increases with the extremeness of the evaluated events: the skill score values in the Aare catchment with reference POR and ALL
stations are 0.17, 0.19, and 0.22 for the 80, 90, and 99th percentile events, respectively.
But the forecast skill decreases slower with forecast lead time for the less extreme event:
the skill scores are 0.10, 0.09, 0.08, respectively, for the three–day forecasts.
Figure B.9 shows also—through the confidence intervals for the evaluation against
MRR—that the evaluation uncertainty increases with the event extremeness. More extreme events are less frequent (e.g. in the two–year evaluation period there are only 7
events with more than the 99th percentile precipitation) and the evaluation period less
representative. This can also be illustrated by partitioning of the two–year period in
three–month evaluation periods and estimation of the skill scores. In the Aare catchment the BSS is 0.32 (cf. Fig. B.6 and Tab. B.4) applying the two–year period and POR.
Applying the three–month partition the mean BSS is 0.31, but with large scatter in
the sample of three–monthly evaluation results with the smallest lower boundary of the
MRR 90 % confidence interval as small as -0.07 and the upper boundary as large as 0.75.
Therefore, it is extremely important to consider confidence intervals seriously. Here, we
discuss only evaluation uncertainty because of spatial interpolation uncertainty. In an
operational EPS evaluation additional uncertainties through precipitation measurements
and natural variability in the precipitation series have to be considered too.
Besides Switzerland and the Aare catchment the Thur and Hinterrhein catchments
have also been used as evaluation domains. Table B.4 summarizes the results. The
most difficult forecast target area is the relatively dry inner–alpine area Hinterrhein.
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uncertainties through precipitation measurements and natural variability in
the precipitation series have to be considered too.
Besides Switzerland and the Aare catchment the Thur and Hinterrhein
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catchments have also been used as evaluation domains. Table 4 summarizes
the results. The most difficult forecast target area is the relatively dry inner–
alpine area Hinterrhein. The forecast performances in the Aare and Thur
catchments are similar with a small advantage in the pre–alpine catchment
Thur. But these conclusions have to be considered carefully by looking at the
confidence intervals (not shown) since the uncertainty of the observational
references vary between the evaluation domains and it has been shown above
that this influences the evaluation results substantially.
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1 day
BSS
MISY
MISO

0.54
0.19
0.44

BSS
MISY
MISO

0.39
0.20
0.39

BSS
MISY
MISO

0.21
0.11
0.23

BSS
MISY
MISO

0.32
0.19
0.31

2 days 3 days
Switzerland
0.46
0.34
0.15
0.10
0.40
0.30
Thur
0.34
0.25
0.13
0.10
0.31
0.26
Hinterrhein
0.20
0.17
0.08
0.06
0.22
0.15
Aare
0.31
0.20
0.14
0.09
0.26
0.18

Table B.4: Evaluation results for different evaluation domains (Switzerland, Thur, Hinterrhein,
Aare) and forecast lead times using the probabilistic observational reference POR
based on ALL stations.

B.7 Conclusions
Precipitation forecasts of EPS have to be evaluated. Here, the performance evaluation of
area mean forecasts is discussed. It is common practice in evaluation of probabilistic areal
precipitation forecasts that the observational reference is assumed perfect, i.e. neglecting
errors because of spatial interpolation of rain station data, for example. This paper shows
that generating reference ensembles of stochastically interpolated fields conditioned on
the available data is a simple method for the consideration of interpolation uncertainty in
the evaluation. These ensembles allow the determination of ensembles of comparisons, if
the forecast is compared against every single reference ensemble member. The spread in
the comparison ensemble easily delivers an evaluation uncertainty. This is demonstrated
by estimation of ensembles of the Brier skill score, BSS, and the mutual information skill
scores, MISY and MISO . Additionally, the observational ensembles can be considered as a
probabilistic reference in a probabilistic evaluation. This compares forecast probabilities
against observed probabilities of events (the reference POR) with appropriate skill scores
in a fully probabilistic evaluation.
Evaluation experiments with different rain station densities illustrate the estimated
skill scores’ dependence on the quality of observational reference. In case of increasing
reference uncertainty, the values of BSS and MISY with probabilistic reference are increasingly higher than with a single, deterministic reference. This is fair, since in doubt
it should be assumed that the forecasts perform well. Therefore, we suggest the applica-
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tion of an ensemble of references for (a) the estimation of evaluation uncertainty and (b)
the estimation of the potentially best performance of the forecast given the reference’s
uncertainty.
The experimental evaluation performed in this paper mainly gives the expected results.
The performance of the limited–area ensemble prediction system COSMO LEPS decreases with forecast lead time in the large evaluation area of Switzerland (∼ 41 300 km2 ).
In the large Swiss area the performance is better than in small mountainous catchments
(∼ 1 500 km2 ). But—shown by the application of the reference ensembles—the regional
performance differences of the EPS forecasts are difficult to quantify because of regional
differences in the quality of the observational reference. This reference uncertainty even
prevents that the intuitively expected decrease of the LEPS performance with different
forecast lead times can be proven with significance in the smaller catchments.
Besides horizontal interpolation errors, additional sources of evaluation uncertainty
have to be considered. In mountainous areas the vertically inhomogeneous distribution of
stations can lead to systematic errors (e.g., Sevruk, 1997). Further, wind and evaporation
loss of the rain gauges yields precipitation under-catch up to several ten percent (e.g.,
Rubel and Hantel, 1999). These error sources additionally illustrate how challenging the
evaluation of precipitation forecasts in small areas is—and will be—with ever increasing
resolution of forecasts and forecast applications.
Acknowledgments. Data are provided by MeteoSwiss, Zurich. S.J. acknowledges support through NCCR-Climate. We thank the maintainers and developers of the statistical
software system R and especially E. Pebesma for the development of the software package
gstat.
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Abstract
MAP D-PHASE is a forecast demonstration project aiming at demonstrating recent
improvements in the operational use of end-to-end forecasting system consisting of atmospheric models, hydrological prediction systems, nowcasting tools and warnings for
end-users. Both deterministic and ensemble prediction systems have been implemented
for the European Alps (atmospheric models) and a selection of mesoscale river basins
(hydrological models) in Central Europe. A first insight into MAP D-PHASE with focus
on operational ensemble hydrological simulations is presented here.
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C.1 Introduction
The operational use of probabilistic ensemble prediction systems (EPSs) to assess uncertainty involved in forecasting precipitation is an established practice in the atmospheric
modeling community since the last decade. EPSs are operationally used to quantify
uncertainty involved in weather forecast, including the forecast of space and time distributions of precipitation (e.g., Molteni et al., 1996; Palmer, 2000). Uncertainty analysis
is a "hot" topic in hydrology (e.g., Pappenberger and Beven, 2006). The quantification
of hydrological forecast uncertainty resulting from the uncertainty of quantitative precipitation forecasts is an emerging research field, with first attempts of transferring the
probabilistic information from atmospheric EPS into the hydrological models (Krzysztofowicz, 2001; Bartholmes and Todini, 2005; Pappenberger et al., 2005; Siccardi et al.,
2005; Verbunt et al., 2007; Thielen et al., 2008)
As the first Research and Development Project of the WMO World Weather Research
Program (WWRP), the Mesoscale Alpine Programme MAP has seen three phases: a
development phase (Binder and Schär (Eds.), 1996), a field phase in fall 1999 (Bougeault
et al., 2001) and an analysis phase that yielded a wealth of novel scientific contributions
in the fields of alpine meteorology (Benoit et al., 2002; Volkert and Gutermann, 2007)
and mountain hydrology (Bacchi and Ranzi, 2003; Ranzi et al., 2007).
One of the most relevant, high-impact and best-studied aspect of weather during MAP
was certainly heavy precipitation and the associated flooding. Following an invitation of
the WWRP, the leading MAP scientists launched a fourth phase in order to demonstrate
concrete advances in operational high resolution and ensemble forecasting of meteorological and hydrological extremes in Alpine regions (Rotach et al., 2005; Rotach and
Arpagaus, 2006). In the following we highlight aspects of MAP D-PHASE, a scientific
project at the borderline between fundamental and applied research. The structure and
very first outcomes of this research effort in (ensemble) operational meteorology and hydrology are shown. The non-exhaustive selection of models and examples focus on the
authors own contributions to MAP D-PHASE.

C.2 MAP D-PHASE
C.2.1 Background
The fourth stage of MAP runs under the acronym MAP D-PHASE (http://www.map.
meteoswiss.ch/d-phase) which stands for Demonstration of Probabilistic Hydrological
and Atmospheric Simulation of flood Events in the Alpine region. Specifically, an endto-end forecasting system for Alpine flood events has been implemented to demonstrate
state-of-the-art forecasting of precipitation-related extreme events. On the atmospheric
side the system consists of probabilistic forecasting based on ensemble prediction systems
(EPS) with a lead-time of a few days, followed by short-range, high-resolution deterministic forecasts. For over 60 catchments with areas ranging from 100 km2 to 36’000 km2 ,
hydrological models are coupled to the output of the atmospheric models. The whole
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system is completed with real-time nowcasting and high-resolution observational information. Over 30 atmospheric and hydrological models participated to D-PHASE.
Furthermore large efforts are needed in order to establish improved communication of
uncertainty between the modelers and the warning agencies on the one hand, and between
the warning agencies and the task forces who are responsible of flood mitigation on the
other hand. Therefore a large number of practitioners applied as D-PHASE "observers".
They will be actively involved in the project evaluation.
The demonstration period lasted from June to November 2007 and has been termed
D-PHASE Operations Period (DOP). This period encompasses the "standard" MAP
Special Observing Period in fall (Bougeault et al., 2001), when severe floods are more
frequent on the southern side of the Alps (Malguzzi et al., 2006) and the preceding
summer season, when convective events can often produce flood hazards on the northern
side. The former ensures that full advantage can be gained from the improvements and
developments during MAP and the latter is motivated to benefit from synergies and
common interests with the Convective and Orographically induced Precipitation Study
COPS, the field phase of the international "Quantitative Precipitation Forecast" research
project covering areas in south-western Germany and north-eastern France (Wulfmeyer
et al., 2008).

C.2.2 Organization
The lead of the project has been provided by the Swiss Federal Office of Meteorology
and Climatology MeteoSwiss (www.meteoswiss.ch) that coordinated the activities of a
large number of partners and end-users in different countries (Table 1). Four Working
Groups (WG) have been established (Rotach et al., 2005):
• WG Hydrology and End Users groups different levels of (end-)users, which may be
"actors" (such as forecasters) or "observers" (such as civil protection agencies and
hydropower companies), or both. End-user workshops have been held at different
stages of the project. Feedback questionnaires have been compiled and will be
evaluated by social scientists.
• WG Verification takes care of the evaluation protocols and is responsible for the
validation and verification methodology to be adopted.
• WG Data Interface deals with data handling and common formats of atmospheric
and hydrologic model output as well as observational hydrometeorological data.
It also defines all data flows, including timing (i.e., "when what data needs to be
where") and technical requirements. In collaboration with all other WG it defines
the parameter list necessary both to drive the hydrologic models and to conduct
verification.
• WG Data Policy takes care of all the legal matters related to the exchange of data.
Among several national and trans-national companion initiatives supporting MAP DPHASE it is worth pointing at the COST Action 731 ("Propagation of Uncertainty in
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Figure C.1: Level 1 of the D-PHASE visualization platform, which gives an overview (in alert
colors) of the warning status in the entire Alpine region. Shown is the example of
experimental alerts from atmospheric models issued one day ahead of the August
8th-9th 2007 floods, which largely affected Switzerland. Red alert corresponds to a
return period of more than 10 years.

Advanced Meteo-Hydrological Forecast Systems") which has been signed by over 20 countries (http://www.cost.esf.org/index.php?id=205&action_number=731). COST 731
started in 2005 and will last until 2010. The action focuses on the quantification and
propagation of uncertainty in hydrometeorological forecast chains including decision making.

C.2.3 Visualization and warnings
Throughout the D-PHASE forecasting chain, experimental warnings have been issued and
visualized on a novel platform VP (Figure C.1) that represents together with the data
archive the "heart" of the project. This password protected platform allowed forecasters
and end users to compare results from various atmospheric and hydrological models in
order to improve their basis and background knowledge for potential decisions.
VP issued alerts for target areas (hydro-meteorological entities of a fairly large geographical extent) as well as impact areas (hydrological entities related to a river runoff
gauging station displayed by a "Hydro-Box"). For the atmospheric models, alerts are
based on 3, 6, 12, 24, 48, and 72 hour accumulated precipitation, whereas for the hydrological models, alerts are based on the hourly river runoff forecasts. Alert maps and
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tables are available for today, tomorrow, or for days 3 to 5. Alerts for target areas and
impact areas are displayed with colors:
• Green means that no alert is issued by any of the models;
• The attention level (WL1, yellow) is visualized as soon as any of the models passes
the first waning level (WL), either for area mean precipitation or river discharge.
WL1 "warns" for events having a return period of 60 days;
• The alert level (WL2, orange) warns for events with a return period of 180 days;
• The alarm level (WL3, red) warns for events with a return period of 10 years.
Concerning the warnings issued from each atmospheric and hydrological EPS chain
it was decided to alert if 33% of the ensemble members exceed WL1, WL2 or WL3
thresholds at a particular time step.
All defined thresholds derived from discussions between modelers and end users during
the implementation of VP.
Finally, VP was linked to 4 experimental nowcasting systems. One of the most requested elements of the VP were the radar nowcasting applications. These include
real-time monitoring of the evolution of precipitation systems, quantitative estimates
of precipitation amounts, and characterization and extrapolation of severe convective
cells.

C.2.4 Data archive
In the frame of COPS and D-PHASE an outstanding collective of observation and forecast model data has been successfully archived at the World Data Center for Climate
(WDCC) in Hamburg. An extensive metadata description is combined with each item
in the database, which is essential in identifying and handling the data on a long term
perspective.
Data analysis efforts often require a synopsis of different data sources, thus, a straightforward subset of formats has been agreed on. For atmospheric forecast model data the
common data format is GRIB1 (http://www.nco.ncep.noaa.gov/pmb/codes/GRIB1/),
while observation data and hydrological model data are stored in netCDF (http://www.
unidata.ucar.edu/software/netcdf/) format wherever possible. Pictures and forecast model alerts are stored as jpg or png and xml, respectively. The archiving of
the D-PHASE data has been performed and maintained in a close-to-operational-mode
throughout the whole DOP.

C.3 MAP D-PHASE and operational hydrology
C.3.1 Overall goals
Operationally forecasting flood events in the Alps using high-resolution (ensemble) numerical modeling in connection with hydrological modeling has been decided to become
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Table C.1: Some numbers about MAP D-PHASE.

Affiliated countries
Affiliated institutions
Known users of www.d-phase.info
Modelers and forecasters
End-users among them
Number of deterministic NWPs
Number of high resolution deterministic NWPs (grid size < 5x5 km2 )
Number of ensemble NWPs
Number of hydrological models
Number of nowcasting platforms
Number of meteorological target areas
Number of hydrological impact areas
Data stored in the data archive by November 30th 2007
Questionnaires sampled for end-user feedback analysis

17
120
357
175
166
23
11
7
7
4
74
60
∼13 TB
50

one of the major focuses of D-PHASE. A new generation of flood warning systems is
able to provide deterministic and probabilistic discharge estimations for short-term (1-2
days) and mid-term (3-5 days) lead times. Various hydrological prediction systems have
been deployed in different catchments (Table C.1). For each catchment, in which an end
user participated, one or more hydrological models have been implemented.
However, we would like to anticipate that no MAP D-PHASE contributor was obviously able to implement its hydrological model in all basins and couple it with all
available deterministic and ensemble NWP models.

C.3.2 Deterministic and ensemble nowcasting
Initial conditions for hydrological modeling are sources of uncertainty in hydrological
forecasting. Initial conditions are usually taken from continuous deterministic near-realtime model runs based on interpolated station data. Initial conditions can be improved by
assimilation of real time meteorological and hydrological data (Refsgaard, 1997). Recent
studies deal with the assimilation of discharge data, snow cover information and soil
moisture.
Within D-PHASE, new ways have been explored in order to investigate the sensitivity
of flood forecasts to the data sources providing the meteorological forcing for the hydrological model systems. An innovative setup coupling distributed hydrological modelling
and ensemble rainfall radar information has been tested. In spite of significant improvements in quantitative precipitation estimation from radar platforms (Germann et al.,
2006) in the last decade, the residual uncertainty is still relatively large for hydrological
applications.
A novel promising solution to express this residual uncertainty is to generate an ensemble of radar precipitation fields by combining stochastic simulation and detailed
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Figure C.2: Ensemble hourly runoff nowcasting with PREVAH in the Verzasca catchment in
August 2007. Black line: observed discharge. Dotted red line: simulation forced by
interpolated raingauge data. Dotted blue line: simulation driven by the deterministic radar. Purple and pink areas, and dotted purple line: runoff driven by radar
ensemble. Purple areas: full ensemble spread (q-100). Pink areas: inter-quartile
range (q-25-75). Dotted purple line: median value of the nowcasting ensemble (q50). For the hourly rainfall plot only data from the radar ensemble generator are
shown.

knowledge of the radar error covariance structure (Germann et al., 2006). A prototype system coupling the MeteoSwiss Radar Precipitation Ensemble Generator with the
semi-distributed hydrological model PREVAH (Gurtz et al., 2003) was running during
D-PHASE for the Verzasca catchment (186 km2 , Ticino, Switzerland, Wöhling et al.,
2006).
Figure C.2 shows possibly the first real-time radar ensemble hydrology coupling experiment worldwide. Both raingauge-driven and radar-driven runoff simulations for an
eight-day period in August 2007 show similar evolution. The spread of the ensemble
provides an estimate of the sensitivity of runoff to uncertainties in operational radar precipitation fields. A qualitative examination of all events collected so far reveals similar
performance of radar-driven and raingauge-driven runoff as compared to observed runoff.
This is an impressive result when considering the difficulties in radar rainfall estimation
in complex terrain on the one hand, and, the dense raingauge network on the other. As
a next step we will investigate the spread of the radar-driven runoff as compared to the
spread of precipitation amounts on input. This allows quantifying the sensitivity of runoff
of the Verzasca river to uncertainties in the radar precipitation estimates. Furthermore
comparison with observation-based ensembles (Ahrens and Jaun, 2007) is envisaged.
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Figure C.3: Hindcast for a major flooding for the "Kleine Emme" river basin using FEWS/HBV
driven by COSMO-2 during MAP D-PHASE for the 8th of August 2007. Forecasts
are updated every 3 hours.

C.3.3 Deterministic forcasting
The deterministic hydrological forecasts are driven by operational and experimental
weather forecast models from several agencies. The meteorological model output available on the model specific grid spacing is then further processed to meet the requirements
of the hydrological models (Jaun et al., 2008). Depending on the driving meteorological model deterministic hydrological forecasts with a forecast horizon of 24-72 hours are
available.
Figure C.3 shows a hindcast experiment (in forecast mode) with COSMO-2 (the deterministic NWP at 2x2 km2 resolution run by MeteoSwiss; Kaufmann et al., 2003) used
as input for FEWS/HBV, the flood early warning system of the Swiss Federal Office for
Environment. The high-frequent updating of COSMO-2 and temporal overlapping of
the various deterministic forecasts introduces an "ensemble dimension" to the obtained
plots.
After a large overestimation in the morning, the system is able to narrow the magnitude
of the flood peak better with every subsequent run while the timing of the flood remains
too late. This experiment demonstrates the advantage of frequently updated short-term
forecasts with high resolution compared to previous work (e.g., Ahrens et al., 2003).

C.3.4 Ensemble Prediction Systems
Several meteorological ensemble prediction systems (EPSs) are operationally available at
the global scale. The one of the European Centre for Medium Range Weather Forecast
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Figure C.4: Hydrological forecast, starting August 20 2007 for the Verzasca basin, in southern Switzerland. The 16 ensemble members (red) are shown with corresponding
interquartile range (Q25-Q75). Additionally, three deterministic runs are shown:
COSMO-7 (black), COSMO-2 (turquoise) and MM5 (yellow). The observed runoff
is shown in blue and a run forced by interpolated pluviometer data is shown in green.
Spatially interpolated observed precipitation (catchment mean) is plotted from top
(grey bars), as well as forecasted ensemble precipitation (orange whisker-plots).

(ECMWF, Molteni et al., 1996), which is simply called "VAREPS", is currently operated
at a horizontal resolution of roughly 50x50 km2 and consists of 51 members. The spread
of the ensemble members during the forecast horizon (3-5 days) represents mainly the
initialization uncertainty of the meteorological model. Large-scale numerical models
are not accurate at modeling local weather, because local sub-grid scale features and
dynamics are not resolved. Dynamical downscaling methods are therefore applied in the
local ensemble prediction system COSMO-LEPS (Marsigli et al., 2005), developed by
ARPA-SIM within the COSMO consortium. The "COSMO-LEPS" (COSMO Limitedarea Ensemble Prediction System) is nested into the EPS of ECMWF. COSMO-LEPS
considers the last two EPS forecasts for a total of 102 members. Since the procedure
is expensive in terms of computational time, it is not feasible to downscale the full
global ensemble for everyday operational application. Therefore, a sub-sample of 16
representative ensemble members only is assigned by a cluster analysis (Molteni et al.,
2001). Within each of the resulting 16 clusters, a representative member is selected and
dynamically downscaled to a spacing of 10x10 km2 providing a forecast horizon of up to
132 hours. The computational costs to implement the coupling between the atmospheric
EPS and the hydrological model system are comparably low. The hydrological EPS
calculates results for a specific EPS member within a few minutes on a standard desktop
computer.
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(a)

(b)

Figure C.5: The hydrological ensemble prediction of the November 24 flood in the Oglio basin
(Central Italian Alps). In (a) and (b) the forecasts based on the November 21 1200
UTC and November 23 1200 UTC runs are represented. On top of each figure the
hyetograph of the ensemble mean of the COSMO-LEPS model forecasts is shown.
On the bottom the 17 hydrographs computed by the DIMOSOP hydrological model
are plotted. The thick black line represents the hydrograph resulting from the
ensemble mean rainfall, the other lines represent the 16 members.
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Figure C.4 shows an example of a probabilistic hydrological forecast for the Verzasca
basin forced by COSMO-LEPS. In order to allow for cross-comparison with the radar
ensemble generator the same event as in Figure C.2 is presented. The observed runoff is
well captured by the ensemble inter-quartile range. Single ensemble members show very
poor timing in predicting the flood peak. Flood volumes are also missed. On the other
hand the 75% quartile shows a very good agreement with the observed discharge.
The lead time of deterministic COSMO-2 NWP is to short to detect the main event.
COSMO-2 is the only model to show a good forecast for the small pre-event on August
20-21 2007. The need for consideration of uncertainty becomes evident as the second
deterministic simulation driven by COSMO-7 (the deterministic NWP at 7x7 km2 resolution run by MeteoSwiss) misses the timing and height of the runoff peak completely.
The MM5 model (the deterministic NWP at 15x15 km2 resolution run by IMK-IFU)
outperforms the COSMO-7 in this particular case. The spread of the ensemble can be
interpreted as the uncertainty (stemming from the meteorological forecast) of the deterministic hydrological simulation, given, that the deterministic and probabilistic runs are
based on the same model chain. This is of course not entirely true for the simulations
shown in Fig. C.4 because of different grid spacing.
In Figure C.5, relative to the meteorological forcing of the DIMOSOP (for DIstributed
hydrological MOdel for the Special Observing Period, Ranzi et al., 2003) model with
the 16 COSMO-LEPS members, the effect of the time horizon of the forecast on the
hydrological ensemble predictions is shown. The small flood which actually occurred on
November 24 in the Oglio basin, in the Central Italian Alps, was already anticipated
by the November 20 12:00 UTC meteorological forecast (Figure C.5a). COSMO-LEPS
forecasts were available around 00 UTC of the following day and the flood forecasts can
be made available, as a term of reference, after 3 hours of computational time of a 2
GHz dual processor laptop computer for 17 runs of a 436x622 cells domain over a time
horizon of 6 days. The correct timing of the rainfall event became clear, however, only
in the 22 November 12:00 UTC run and more accurate in the 23 November 12:00 UTC
run, shown in Figure C.5b.

C.4 Conclusions and Outlook
In this contribution the MAP D-PHASE end-to-end forecasting system for (ensemble)
meteorological and hydrological applications was briefly introduced. Different deterministic and ensemble approaches in hydrological forecasting and nowcasting have been
implemented and will be evaluated.
As shown above "ensemble information" on model uncertainties can be can obtained
from local hydrological and atmospheric EPS, from frequently updated deterministic
runoff forecasts and even from nowcasting systems consisting of hydrological models
coupled to new sophisticated ensembles quantitative precipitation estimates derived from
rainfall radars.
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While a detailed evaluation process of all the results for the various catchments and
models will take its time, some "highlights" showing a representative cross-section of the
potential of the various hydrological approaches have been presented.
However, these first examples already show improvements and new possibilities available in hydrological forecasting as compared to previous forecast (Benoit et al., 2002)
and hindcast (Ahrens et al., 2003) experiments.
Most important, first end-user feedbacks are generally very encouraging. The experimental warning on the visualization platform provided valuable information on rainfall
and flood events with some days in advance. Even localized storms were predicted by
some high resolution models, at least.
However, there is a broad feeling that the approach of probabilistic forecasting in
hydrology is still quite novel and will require careful training and communication efforts
to the end user. Some years of time will be needed in order to build up the know-how
of the practitioners and also within the hydrological forecasting agencies in order finalize
the practical application of these new operational flood forecasting tools.
The data archive at WDCC provides a precious opportunity to access all relevant data.
This collection of model and observation data is unique in terms of details of different
valuable data sources and data size of a single experiment. We expect large national and
international scientific interest into this data set for a long time as source of data for
trans-disciplinary research in hydrological, atmospheric and other related sciences.
Acknowledgments. The authors are thankful to colleagues of the COPS field program
for a very fruitful collaboration, especially with respect to operating the data archive.
The wizard who programmed the visualization platform in essentially no time, Gerhard
Kittel is especially thanked, as well as all the countless modelers, forecasters, end-users
and other contributors. WWRP of WMO is thanked for their support as a Forecast
Demonstration Project.
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