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Abstract. Ensemble forecasts aim at framing the uncer-itations. A prototype of the developed framework has been
tainties of the potential future development of the hydro- applied for a case study in the Mulde river basin. However
meteorological situation. A probabilistic evaluation can be these techniques, in particular the probabilistic assessment
used to communicate forecast uncertainty to decision makand the derivation of decision rules are still in their infancy.
ers. Here an operational system for ensemble based flooBurther research is necessary and promising.

forecasting is presented, which combines forecasts from the
European COSMO-LEPS, SRNWP-PEPS and COSMO-DE
prediction systems. A multi-model lagged average super-
ensemble is generated by recombining members from dif-

ferent runs of these meteorological forecast systems. Apye to the intrinsic uncertainty of meteorological forecasts,
subset of the super-ensemble is selected based on a Phiyod forecasts are also affected by uncertainty. Furthermore,
ori model weights, which are obtained from ensemble cal-55 hydrological models are used for transformation of rainfall
ibration. Flood forecasts are simulated by the conceptua|nio runoff, their structural parameter uncertainty should be
rainfall-runoff-model ArcEGMO. Parameter uncertainty of considered in the forecasts as well. Inaccurate human inter-
the model is represented by a parameter ensemble, which igction and technical problems may also affect the output of a
a priori generated from a comprehensive uncertainty analyfjood forecast chain. Thus uncertainty is an issue of concem
sis during model calibration. The use of a computationally yhen dealing with flood forecasts. On the one hand, an un-
efficient hydrological model within a flood management sys- gerestimation or even missing of a flood warning may hinder
tem allows us to compute the hydro-meteorological modeline affected people from preparing for a flood. As a conse-
chain for all members of the sub-ensemble. The model chaify ence damage may increase or even casualties may occur.
is not re-computed before new ensemble forecasts are avaiyp, the other hand, “crying wolf” too often may encourage
able, but the probabilistic assessment of the output is updategegple to ignore warnings in the future.

when new informr_:ltign from deterministic short range fore-. During the last decades, modelling evolved from a deter-
casts or from assimilation of measured data becomes availyinistic towards a probabilistic paradigm. Nowadays fore-
able. For hydraulic modelling, with the desired result of & ¢55ters have information about uncertainty. The imperfection
probabilistic inundation map with high spatial resol_ution,_a of forecasts is more and more accepted and the communica-
replacement model can help to overcome computational limyjon of uncertainties does not automatically make the users
losing confidence in the forecast. Numerous approaches for
uncertainty estimation and probabilistic evaluation were de-
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— multiple systems or multi-model ensembles (“poor man
ensembles”): combination of simulations from differ-
ent models (e.g. Georgakakos et al., 2004; Ajami et al.,

prediction y*

2007);
predictive — lagged average ensembles: combination of current fore-
uncertainty . .
. ‘ casts with forecasts from earlier model runs (Hoffman
. o« * . f(yly")
°* . and Kalnay, 1983).

Ensembles characterise the so-called “emulation uncer-
tainty” (Todini, 2009). In informatics, the term “emulation”
describes the imitation of the behaviour of a computer or
other electronic system with the help of another type of com-
Fig. 1. Predictive uncertainty, describing the differences of obser-PUter of system. The differences between forecasts within
vations from a prediction. an ensemble can be used to discuss the effects of the mecha-
nisms used to construct this ensemble.
However, the probabilities within ensembles are not
prediction y* aleatoric ones, because many epistemic uncertainties are in-
cluded in their estimation. Frequentists use Monte Carlo sim-
. ulation to account for uncertainty associated with the param-
. . _ eters of a probability model that Bayesian methods handle
R | A ﬁrclg?tg?:ty natively. Ensembles are based on a lower number of data
e b fy'ly) points and make many assumptions about the models and
. other characteristics. It should be considered that the exist-
ing ensemble forecasting systems do not completely repre-
sent the uncertainties of models. Hence a probabilistic eval-
uation of the outcome is needed. Let's say there may be more
uncertainty in uncertainty propagation itself. Thus it is chal-
lenging to develop ensemble generation mechanisms which
do not only result in a bunch of model outcomes, but also
represent the probabilistic assessment of the variables un-

e.g. by Krzysztofowicz (2002), Apel et al. (2004) and Pap- der consideration. The_: basic_ assumption is th_at_each rgsult
penberger et al. (2005). has the same probability. Neither the total variation (which

The predictive uncertainty characterises differences beyvould result from a large amount of possible combinations of

tween observed values and forecasted values (Fig. 1). Thgncertain aspects of modelling) nor a differentiation in more
or less probable forecasts can be represented in this way.

forecasts are derived from a single model with defined pa- logical | L
rameters under event-specific initial and boundary condi- Nowadays meteorological ensemble prediction systems

tions. Forecasts of many different events can be used to chakEPS) are operational at global scale (e.g. ECMWF, MSC,
acterise the forecast uncertainty empirically. NCEP, Buizza et al., 2005) and regional scale. The COSMO-

Ensemble techniques were developed in order to frame theEPS (Molteni et gl., 2001)is alimited area phygically based
uncertainty with a relatively low number of simulations (An- EPS for the medium range (3 to 5 days lead time). It was

derson, 1996; Kalnay, 2002; Toth et al., 2003). Within the developed within the COSMO (Consortium for Small-scale

context of operational forecasting, this makes ensemble tecH¥1odelling) to improve the predictability of extreme weather

niques superior to many other ways of generating a probabil€VeNts in Central and Southern Europe. The added value of
the system resides in joining the skill of the ECMWF EPS to

ity distribution instead of a single solution. Thus ensemblesd i th o) Ut X ith th bility of
specify the differences between several forecasts (Fig. 2)2€PICt the possible evolution scenarios with the capability o

Different types of ensembles can be classified according t(;he COSMO limited area model to improve the descriptions

the generating mechanisms (for meteorological as well as foP! I0c@l meteorological processes. Further regional EPS in
hydrological applications): Europe are MOGREPS, NORLAMEPS, ARPEGE/ALADIN

and PEARP. The short-range SRNWP-PEPS (Denhard and

— single system ensembles: variation of initial and bound-Trepte, 2006) combines up to 23 deterministic forecasts from
ary conditions, different model components, e.g. con-21 national meteorological services with a lead time of two

vection schemes (physically based ensembles), variadays. It can be seen from case studies and probabilistic veri-
tion of model parameters; fication for Germany (Trepte et al., 2006) that this ensemble
is a valuable tool for severe weather forecasting. A major
benefit of this multi-model EPS is the possibility to compare

observation y

observation y

Fig. 2. Emulation uncertainty (Todini, 2009).
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Fig. 3. Flow chart of the flood forecast chain.

the behaviour of all operational European limited area mod-we demonstrate the combination of ensemble members
els. from different meteorological forecast systems and different

The development of hydrological applications of ensem-model runs to generate a multi-model super-ensemble with
ble forecasts has started in the late 1990-ies and is subjeateighted members. Furthermore we introduce an approach
of ongoing research (e.g. Verbunt et al., 2006; Komma et al.for the a priori framing of parameter uncertainty with a hy-
2007; Reed et al., 2007; Diomede et al., 2008). The particdrological ensemble. Results from a case study in the Mulde
ipatory HEPEX project (Hydrological Ensemble Prediction river basin including hindcast simulations of historic flood
Experiment, Schaake et al., 2007) integrates meteorologistgvents were shown by Dietrich et al. (2008) and Dietrich et
hydrologists and users in order to promote the developmenal. (2009). Here we focus on methodological developments.
of ensemble stream flow forecast systems. In Europe, the
probabilistic Flood Alert System (EFAS) is under develop-
ment (Thielen et al., 2009). EFAS aims to provide flood in- 2 Methods
formation for the medium to long-range at large scale river
basins being relevant for decisions at national or EU level. 2.1 Concept and workflow of an operational flood

For the setup and near real-time operation of an uncer- management system
tainty aware flood management system, a compromise be-
tween predictive capability of the models, computational ef-The operational flood management system (OFMS) pre-
ficiency and cognitive burden for the flood managers is stillsented in this paper is designed for ensemble-based flood
unavoidable. On the one hand, data flow and control activforecasting in meso- to macro-scale river basins (100 km
ities must be automated to the highest achievable level. Oo 10000 knd contributing catchment area). The OFMS in-
the other hand, the complex nature of the problem requiregegrates meteorological forecasts from different operational
options for flood managers and decision makers to take conlimited area prediction systems and supports the flood man-
trol over the simulation process, e.g. when sources of infor-ager in managing uncertainty. Typically the OFMS is in-
mation are identified as unreliable or when parts of the modebtalled in a regional or national flood management centre.
chain fail. This contribution presents a framework for ensem- The OFMS combines meteorological medium-range fore-
ble based flood forecasting, which is based on hydrologicakasts from COSMO-LEPS (3 to 5 days lead time), short-
forecasts driven by operational meteorological EPS with dif-range forecasts from SRNWP-PEPS (1 to 2 days lead time)
ferent spatial resolution and different lead times. The hydro-and very short-range forecastsid lead time) in an adap-
logical models are controlled in an adaptive way, mainly de-tive manner (Fig. 3). For the latter the convection resolving,
pending on the lead time of the forecast, the expected magnideterministic COSMO-DE model with 21 h lead time and
tude of the flood event and the availability of measured datahorizontal resolution of 2.8 km is used (Doms aritt$tner,

In the following section we introduce the respective work- 2004). The COSMO-DE model forecasts from different
flow and a corresponding software prototype for an op-initialization times are combined to generate a lagged av-
erational flood management system (OFMS). In Sect. 3erage forecast (LAF) ensemble, which proofed to be an
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improvement over the use of the latest deterministic modekameter set, which proved to be efficient for historic flood
run in the Mulde case study (Dietrich et al., 2008; Dietrich events. If we assume that the chosen model structure has
et al., 2009). The lead time of the OFMS could be extendedsufficient predictive capabilities and input uncertainty is ex-
to 10 ore more days by way of using predictions from global pressed by the meteorological sub-ensemble, two additional
systems, but the spatial resolution of these systems restrictsources of hydrological uncertainty are regarded: the initial
their applicability in meso-scale flood forecasting. state of the model and the selection of model parameters
Each of the three meteorological prediction systems hagSect. 2.3). While the m-member super-ensemble is simu-
individual advantages for flood forecasters. Medium-rangelated with a single “best” set of hydrological model parame-
forecasts provide the basis for decisions about reservoir marters, the smaller n-member sub-ensemble is simulated with p
agement and early warnings previous to a potential extremaets of parameters building up an n*p-member probabilistic
flood event. Short to very short-range forecasts are used fastream flow ensembile.
issuing flood alerts and planning of local flood defence mea- A Bayesian inference mechanism adjusts the weights of
sures. One would expect that the shorter range forecasts athe ensemble members when new observed rainfall and dis-
more accurate than the medium range forecasts. As it hasharge data become available during the event. The Bayesian
been shown in the Mulde case study mentioned above, thisipdating procedures can, but not necessarily must reduce the
expectation does not always hold. number of members. We aim at successively reducing the
In a real time situation, the attention of flood managersnumber of parameter ensemble members for a proper relation
is focused on a variety of aspects and the computationabetween meteorological and hydrological contributions to to-
and cognitive resources are limited. There is not time total (knowable) uncertainty. Ideally, this procedure sequen-
speculate which result would be the best this time. Deci-tially reduces uncertainty by using new information when
sion makers need detailed information about relevant criteriaavailable. Note that we do not recalibrate the parameters on-
like peak time, peak discharge and possible inundation arfine.
eas. An approach for combining the maximum information
from a priori knowledge with the actual forecasts is the gen-2.2 Meteorological super-ensemble and sub-ensemble
eration of a calibrated super-ensemble for the short-range,
which also includes information from medium range fore- The meteorological ensemble prediction systems COSMO-
casts and from earlier model runs. Because such a multilEPS, SRNWP-PEPS and COSMO-DE/LAF try to frame
model lagged average super-ensemble has too many merthe future development of the weather situation by variation
bers for real time computation of stream flow forecasts, a re-of initial states and boundary conditions and/or modifications
duced sub-ensemble is generated as a representative subsebbfthe model physics. Per se all forecasts have the same
the members of the super-ensemble. The sub-ensemble ainpgobability. However the probabilistic assessment of ensem-
at producing a high resolution probabilistic weather scenarioble members can be updated by statistical post-processing
as input for flood forecast models (Fig. 3, detailed descrip-when observations become available. Nevertheless there is a
tion in the following section). need to aggregate this information a) to reduce the number of
A hydrological rainfall-runoff model simulates ensemble simulations of flood forecast models (or other model chains
forecasts of stream flow at several points of interest likedriven by meteorological input) and b) to compute a kind
gauges and vulnerable sites. We decided to choose the corf best estimation (e.g. the median or a weighted average),
ceptual hydrological model ArcEGMO (Becker et al., 2002) which can be used like a deterministic forecast.
as the default OFMS component for transformation of quan- The Bayesian model averaging method (BMA, Raftery et
titative weather forecasts into stream flow forecasts for theal., 2005) assigns a weight and an error distribution to each
Mulde case study. Conceptual rainfall-runoff models de-model by means of iterative optimization. The predicted
scribe the complex natural hydrological processes in a simprobability distribution of the complete ensemble is com-
plified manner. These models are widely used for the mesoputed by overlay of the error distributions of the single mod-
and macro-scale due to their significant advantages comels for the respective forecasted variables. There is a training
pared to physical models regarding parameter estimation angeriod necessary for calibrating the BMA. The longest possi-
computational efficiency (Carpenter and Georgakakos, 2006ble training period is still very short (two years) and includes
Smith et al., 2004). only a few heavy rainfall events. Unfortunately there are no
The OFMS simulates stream flow forecasts for all mem-re-forecasts available for the three systems under consider-
bers and all initialization times of the meteorological predic- ation. For local extreme rainfall events a training of BMA
tion systems, using uncalibrated “raw” ensembles (assumseems not to be possible at all because of the unique nature
ing that a bias correction has been performed by the dat&f such events. There is a danger of over fitting the calibra-
providers before, if necessary). Based on the generation rulegon parameters of the BMA, in particular in the context of
for the meteorological sub-ensemble, the simulations can béood forecasting.
recombined and weighted to build a stream flow ensemble. Thus we developed an alternative ensemble post-
Here, the hydrological model is computed with a default pa-processing method. An eventually missing spread of the
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Fig. 4. Workflow of the sub-ensemble calibration procedure.

ensemble (observations are not fully framed) is not compensitive in most but not all situations. The simulated runoff is
sated by stamping an error distribution on the ensemble buan overlay of several processes, which can not be calibrated
by integrating previous COSMO-LEPS model runs into the separately in case of missing observations for the different
ensemble. Even though old forecasts have in general lessinoff components. In the mathematical sense the model is
skill the COSMO-LEPS system is designed to give optimal over parameterized. Thus calibration results in a large num-
spread estimates in the medium range (forecast day 3-5per of equifinal sets of parameters (i.e. sets of parameters
This information can be used to improve short range prob-with different values produce model outputs with similar ef-
ability forecasts. ficiency). Furthermore, the number of flood events avail-
The older COSMO-LEPS model runs normally have aable for calibration is limited. The event specific response
higher root mean square error than the short range forecastef the hydrological system may not have been sufficiently
but their higher spread helps to frame reality, which is anobserved. Thus parameter uncertainty is an issue of concern.
improvement of the basic ensemble, if proper weights are as- For operational use of the model near real time, the fol-
signed to the lagged forecasts. This is done by an iterativdowing main steps are performed:
multiple linear regression approach (IMLR) between obser- o ) _ ) _
vations and forecasts. Starting from the full regression with 1. compute initial state from continuous simulation (daily
all super-ensemble members only the members with aregres- ~ OF hourly time steps)
sion coefficient greater than zero survive the first iteration.
This procedure is repeated with the remaining members until
all regression coefficients are positive.
The result is a weighting scheme for the remaining mem- 3 simylate raw ensembles to build up the super-ensemble
bers including a bias correction. In Fig. 4 (bottoryi)is the flood forecast
weighted mean of tha/ selected forecasts from the super-
ensemble of siz& . The termb is the bias correction and the 4. simulate parameter ensembles driven by the members
positive coefficientsy are normalized such that they sum up of the reduced meteorological sub-ensemble
to one.

2. update initial state for the preceding seven days (hourly
time step)

Uncertainty in initial conditions (e.g. soil moisture, fast
2.3 Combined hydro-meteorological ensembles groundwater storage) is reduced by an iterative trial and er-

ror system state update procedure, which adjusts the storage
The ArcEGMO rainfall-runoff-model was chosen for the representing soil moisture and upper groundwater until the
OFMS because of its computational efficiency and its pro-hydrograph of the seven days preceding the expected rain-
cess oriented conceptualisation. On the one hand the first efall is best represented by the model. This initial state update
timation of the model parameters can be performed by GlSviolates continuity, but it is important to tackle uncertainty
analyses, which is beneficial when experts perform this taskrom prior simulation of the continuous model without per-
and experience from previous work is available. On the othefforming a recalibration during real-time application of the
hand the model has more parameters than less process basgdtem. Alternatively, an automated state update is possible
conceptual models have. In ArcEGMO, there is an interac-with the Ensemble Kalman Filter (Evensen, 2003), which is
tion between parameters. Also some parameters are less segiso implemented in the OFMS. Only in specific situations
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(mainly very heavy rainfall at the beginning of the event) the Framework. open foradditional modules
model is very sensitive even against the updated system state | gainsairunof tor Surtace
Here an additional state ensemble can be used (this has n¢ | M50
been done in the case study). i
For framing parameter uncertainty of the hydrological Itiest@ep ‘
model we propose an ensemble approach. Hydrological pa- l l
rameter ensembles are generated by combination of mode | Geodatabases GIS based Modules for Analysis
parameter sets, which proved to be efficient for simulating Ensemble Database | Administraton f Ensembles (Forecasts) |

flood events in the calibration and validation periods. For the
derivation of the generating rules of the parameter ensem-
ble, we combine optimization, stochastic methods and expert || !nfermation System (WISYS)
knowledge.

In the first step we used multi-criteria optimization (Yapo
etal., 1998; Vrugt et al., 2003) to find efficient parameter sets-ig. 5. Methodological concept and components of the operational
for single historic flood events. The selection and weightingflood management system (OFMS).
of objective functions allows finding a large set of numeri-

cally efficient solutions. Hereby it is possible to differenti- ) . )
ate between characteristic types of rainfall events. AmongBY Using meteorological ensembles from external providers,

the numerically efficient solutions might be some parameterfthe first approach is not recommended (the meteorologist
sets, which have a less realistic composition of runoff com-Should use data assimilation and apply a bias correction in-
ponents. Here a plausibility check is performed by modelstead, if required). Within the event, the correction of in-
experts in order to exclude such parameter sets. After theternal state variables violates mass continuity and may pro-
ses analyses the non dominating process parameters can gece unreliable model results in the near future. The online
fixed and the dominating parameters can be limited withinrécalibration of model parameters during the event is criti-
plausible ranges. cal for similar reasons. Thus we apply approach 4. Based
A large number of parameter sets is generated by varia®n the me_thod described above we gengrate a parameter en-
tion of the dominating parameters with a Monte Carlo exper-S€mble with 20 sets of parameters, which cover the range
iment. Structural uncertainty of the model produces mixedOf observed events. With a single driving meteorological in-
quality of model efficiency for the different flood events. PUt, we perform 20 simulations of the rainfall-runoff model,
Thus the parameter ensemble contains a priori defined sefghich 20-folds the computational demand of the ensemble
of parameters, which are efficient for different types of pastSimulations.
flood events. For a multi-criteria selection of the parame- The resulting stream flow ensemble is evaluated against
ter sets to be integrated in the ensemble we used comprdbserved stream flow. A likelihood value according to the
mise programming. The ensemble members are weighte@inciple of Bayesian inference (Box and Tiao, 1992) is com-
according to the a priori expected type of event. If no deci-Puted for the time series of each ensemble member (respec-
sion about the type of event is possible, these parameter setiely this is the likelihood for each parameter set). Thus the
are equally weighted. The parameter ensemble concept is déoodel output produced by the 20 sets of parameters can be
signed for real-time application with the possibility to update Weighted according to their likelihood values. From the en-
the weights of the ensemble members when new informatiors€mble members with higher likelihood values one can con-
becomes available. The restricted number of possible simustruct an uncertainty band. Additionally itis possible to com-
lations in real time (we already have to simulate the meteoroPute a weighted average, which can be communicated like a

logical ensembles!) restricts the number of members of thedeterministic forecast. After new rainfall observations are
parameter ensemble. available, new runoff simulations are performed with the 20

In operational forecasting it is possible to assimilate ob-Sets of parameters. After new stream flow observations are
served stream flow data. These data can be useful for th@vailable, the likelihood values of these simulations are eval-
reduction of model uncertainty. Four general types of updaté/ated for the generation of new weights of the members of
procedure are established (Refsgaard, 1997): the stream flow ensemble.

7»‘ Calculationof Flood Areas |

—*‘ Disaster Management |

1. correction of input data, 2.4 OFMS prototype implementation

2. update of internal state variables, The software prototype of an operational flood management
system (OFMS) integrates data, models and GIS-based tools

3. recalibration of model parameters, (Fig. 5). The core components of the OFMS are based
on the ESRI ArcGIS software architecture, particularly the

4. direct correction of model output. DHI-WASY “GeoFES” spatial decision support system for
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Fig. 6. Persistence chart as presented by the OFMS user interface.

emergency management. The OFMS interface assists the To connect the simulation model ArcEGMO to the geo-
user in the intelligent control of hydrological and hydraulic databases, an interface was developed. It guarantees the data
simulations as well as spatial analyses and the visualizapre-processing and data provision necessary for the model,
tion of model output. The ArcEGMO model code was not the model initialization and the storage of the simulation re-
completely integrated in the OFMS for reason of computa-sults in the ensemble database. Data pre-processing and pro-
tional efficiency, but the existing ArcEGMO software was vision is carried out in two steps. Firstly, elementary areas
redesigned to work as a set of three dynamic link librariesare defined by intersecting land use, soil data and catchment
controlled by the OFMS interface. This allows the simula- area boundaries under consideration of elevation. These el-
tion of forecasts from an a priori defined system state with-ementary areas are combined to hydrological response units
out re-initialization, but with different climatic inputs. Based and then intersected with the grid cells of the respective me-
on the meteorological ensembles, which are transferred fronteorological ensemble prediction systems. The area propor-
the operational forecasts database to the hydrological modetion of the EPS grid cells in the hydrological response units
the OFMS starts the required number of model runs and manis then calculated and saved. The initialization of ArcEGMO
ages analysis, aggregation, visualization and archiving of reand the storage of the simulation results occur for all simula-
sults. The OFMS GIS tools support further analyses like thetions selected in the user interface.

computation of flood areas with a replacement model for hy- A post-processing tool converts simulated discharges to
draulic simulation (Sect. 3.3) and risk analyses. water levels. It uses the data tables stored in the information

In the OFMS, required data for flood management is main-syStem that, for gauge sites, correspond to the valid stage-

tained in two geodatabases: the information system and th ischarge relation. The predicted water levels are linked
ensemble database. Based on the UML object model of th o the water levels of the flood alert level of the respective
WISYS software (Bécker et al., 2006), the information sys- gauges. This enab!es a foref:ast of the flood alert level at
tem comprises spatial base data and further geodata origin he gauges for all simulated time steps. As mentioned be-

ing mainly from the flood protection concepts of the respec-eonrgér';éﬁesxle%fgglrit u%r?é a(lg?::l/l gro?oa:g L“Stéc él;fg?:)?:een;;:c

tive rivers. Dynamic data for the model applications and their . ' P yP . q Y
results is maintained in the ensemble database. Among qaly5|s of the ensemble forecasts. Alert per3|st§nce charts
other things, it includes discharge values calculated with th ig. 6) can be generated for the gauges, aggrc_egatlng the am-
ArcEGMO simulation model, derived water levels and flood ple results of an ensemble forecast and reducing them to the

plains as well as the measured precipitation and diSCharge|nformat|on ess'enu.al for thg user. From the alert persistence
art the following information can be deduced:

which are retrievable from respective databases (of the Staté
Flood Center of Saxony in the Mulde case study).
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Fig. 7. Weights of the selected members from different super-ensembles by the iterative regression method (IMLR) described in the text.
All super-ensembles contain the SRNWP-PEPS (PEPS) forecasts initialized at 00:00 UTC and the COSMO-DE lagged average forecasts
from 03:00 and 00:00 UTC on the day of the validation as well as 21:00 and 18:00 UTC from the day before. The model numbers (1-4)
in the COSMO-DE LAF ensemble increase with increasing lag-time. Time-lagged COSMO-LEPS forecasts are added (+) to this “basic”
super-ensemble, where e-gl indicates the LEPS run from the day before the validation time period.

— The duration (columns, coloured background) of the a bias correction of the single models, the COSMO-DE is one
predicted alert level for each ensemble available for theof the best performing models. The COSMO-LEPS median
query time steps (rows), is often the best model regarding the outliers. Thus the 19

member super-ensemble is considered an improvement over

— for each time step for which the alert levels are deter-the single systems.
mined, the number pf ensembles exceeding the alertlev- 14 fully implement the idea of adding lagged average fore-
els 3 and 4 respectively, casts, in a second step, we combined a lagged average multi-

model super-ensemble from 4 lagged COSMO-DE, runs

(03:00, 00:00, 21:00, 18:00UTC ), up to 5 COSMO-LEPS

runs of the preceding 5 days and the SRNWP-PEPS run of

0OfO:OO UTC. The super-ensemble combines up to 101 fore-
their compact and temporal overlapping presentation of th casts (17 SRNWP-PEPS, 4 COSMO-DE and 80 COSMO-

available results at query time. The considerable uncertainty, EPS from 5 model runs with 16 members each).

especially persisting during the rise of a flood, and the stabil-  FOF summer 2007, the ensemble could be reduced by ap-
ity (persistence) with increasing forecast duration are illus-Plication of the multiple linear regression approach to a sub-
trated clearly. Alert persistence charts are, consequently, afinsemble built up by 26 members (Fig. 7). With an inde-

adequate instrument for decision support in ensemble-basgfndent validation dataset, the forecast quality of the sub-
flood forecasting. ensemble was better than with other post-processing meth-

ods (Schumann and Dietrich, 2009). The calibration of the
ensemble improved the forecast in the case study.

— the time between the time step for which the alert levels
are determined and the query time step.

Alert persistence charts are very demonstrative because

3 Experimental application

3.2 Hydrological parameter ensemble demonstration
3.1 Meteorological super-ensemble/sub-ensemble for the 2002 extreme flood

demonstration for 2007/2008

The parameter ensemble updating procedure (Sect. 2.3) aims
For the period from May 2007 to April 2008 a multi-model at the reduction of forecast uncertainty based on data assim-
super-ensemble of accumulated 12 h (06:00 to 18:00 UTC)lation. Meteorological uncertainty is propagated through
rainfall forecast for Germany was generated. In the first steghe hydrological model and cannot be completely separated
the 17 members of the SRNWP-PEPS forecast were comfrom hydrological uncertainty in real time. As driving mete-
bined with the 00:00 UTC COSMO-DE forecast and the me-orological input we used a) the observed precipitation from
dian of the COSMO-LEPS forecast from the preceding dayrain gauges up to the forecasting point and b) afterwards the
to build up a 19 member ensemble with equal weights. AfterCOSMO-DE very short range forecast, which has a lead time

Nat. Hazards Earth Syst. Sci., 9, 15294Q 2009 www.nat-hazards-earth-syst-sci.net/9/1529/2009/
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Fig. 8. Parameter ensemble updating procedure shown by example of the 2002 extreme flood event in the Mulde river (Wechselburg 1 gauge).
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Likelihoods for the parameter sets of the hydrological model are shoga),itb) compares accumulated precipitation from observation and

deterministic forecasfc) compares the bands of hydrological parameter uncertainty. Evolving likelihoods reduce the band width of forecasts.

The differences resulting from utilisations of observed or forecasted precipitation are also shown in (c).

of 21 h and is initialized every 3h. The selected forecastingin the information system. This is done with the help of the
point at 13/08/2002 01:00 UTC is at the end of the rainfall hydrological models developed in the OFMS. Simulated wa-
event, but 10 h before the flood peak passes the Wechselbutgr levels are the primary data for the calculation of flood
1 gauge. The likelihood values of the members of the paramplains (Fig. 9).

eter ensemble are shown in Fig. 8a). It is obvious that the Thg determination of flood plains using 1D-hydrological

error in the stream flow forecast is mainly caused by the un-5\cyjations consists of the interpolation of a water surface
derestimation of precipitation in the forecast (Fig. 8b and ¢). 4 the intersection with a digital elevation model (DEM).

The uncertainty of rainfall input dominates the uncertainty of 5 triangulated irregular network (TIN) is created, based on

the model parameters in this example.

a network of base points located in the potential flood plain.

The combination of the meteorological sub-ensemble andrpg gistance between the base points and the resulting res-
the hydrological parameter ensemble adds up to a streang) sion of the TIN determine the degree of detail of the re-
flow ensemble with 520 members, which can be completelyg,iing flood plain. When defining the network base points,
updated every 24 or 12 h (when all systems deliver new datay,o pem applied (being the base data) and the detail require-
and partly updated every 3h (when the COSMO-DE laggeqments of the calculation should be taken into consideration.
average ensemble receives one new member). Due 10 th@erholating the values of the routed water course, a kilo-

ArcEGMO model code optimization described above, the

metre specification is assigned to all chosen base points in

complete update computation of the stream flow ensemblgne fi6o¢ plain. The generation of the base point network is

takes about one hour at a personal computer workstation.

3.3 Replacement model for GIS-based inundation

forecast

executed only once.

As the previously selected sample points in the water-
course are situated along the routed watercourse, they also
have a kilometre specification, as well as calculated wa-

To be able to calculate flood plains and to carry out risk anal-ter levels. Joining sample points and network base points
ysis, further data tables (water levels, discharge) are calcuthrough their kilometre specification, water levels can be in-
lated for a sample of points in the watercourses and archivederpolated and assigned to each base point. The result is a

www.nat-hazards-earth-syst-sci.net/9/1529/2009/
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In the OFMS Mulde, one can chose between two modes:
On one hand, it is possible to calculate the flood areas for a
specific time step in the forecast period. If this procedure is
repeated for various time steps, the forecasted temporal pro-
gression of the flood can be visualized. The second mode
allows the determination of the maximum extent of the flood
plain within the complete forecast period by calculating the
maximum water level for each sample point in the water-
course. These two modes can be utilized in the OFMS ac-
cording to the task in question. With the definition of the
maximum flood plain extent during the forecast period a fast
overview of all potentially flooded areas is possible. A time
step oriented analysis can be applied when generating evac-
uation plans or assigning roads for provision delivery.

4 Conclusions and discussion

In this study and in the two preceding studies (Dietrich et
al., 2008, 2009) we demonstrated the use of medium range
to very short range ensembles in flood forecasting for meso-
scale river basins. In most of the hindcasts the ensembles
were able to frame uncertainty, even at the extreme 2002
flood event (Dietrich et al., 2008). The hindcasts have shown
an improvement of the spatial and temporal resolution of
flood forecasts compared to conventional forecasts. The ex-
tension of lead times is possible, but at the cost of higher
uncertainty, which is in turn reflected in the ensembles.

A prototype of an operational flood management system
(OFMS) was developed, which combines forecasts from
three meteorological systems with different characteristics
Fig. 9. Calculated flood plain in the area of the mouthing of and different predictive capability. The OFMS supports flood
the Lungwitzbach into the Zwickauer Mulde in Glauchau on managers and decision makers in managing uncertainty. The
12/08/2002, 6 a.m. (top) and 6 p.m. (bottom). prototype demonstrates the applicability of stream flow en-

semble forecasts in an operational environment, e.g. at local
water surface as a TIN, which can then be converted into authorities.
GRID. Cells without a direct connection to the water course A major drawback of the probabilistic assessment of en-
are identified and marked as “not flooded”. After intersectingsembles is the limited availability of hindcasts (resp. re-
this GRID with the DEM, an inundation model is now avail- forecasts), that means forecasts for already observed events,
able as a first result. The contour of this inundation model,which have been computed with the operational forecast sys-
in turn, corresponds to the flood extent. tem afterwards. For the three systems under consideration

This tool also allows taking culvert constructions and bar-there was only a two year period from the pre-operational
riers into account. However, within the OFMS this function setup of the models available. From this time series it is im-
is not made use of. possible to perform an a priori assessment of meteorologi-

The computational demand of the calculation of flood cal uncertainty in extreme weather situations. With a longer
plains is directly related to the resolution of the elevationtime series we suppose to be able to assign more reliable
model as well as to the number of base points used in the calweights to the members of the combined super-ensemble,
culation. The number of sample points in the watercourses irwhich are valid for the specific large scale weather situation.
the test system/prototype with stage-discharge relations add3espite these limitations we have developed an approach for
up to 1600, with 18 000 base points in total. With a spatialthe probabilistic assessment of the super-ensemble based on
resolution of 22 m, the calculation time amounts to about a one year time series to demonstrate the potential value of
10 min per forecast in the case study. When using a rasteensemble post-processing for flood forecasting. We are not
of 20x 20 m, the calculation time can be reduced by a factoryet able to validate the method under the conditions of heavy
of 10. One must consider that a fine-tuning of the prototypeor extreme rainfall. Further work must be related to this is-
was not conducted. sue. Here we see options to integrate likelihoods, derived
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