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Abstract. A research project is introduced in which a modelling system is being developed to quantify risks of extreme
flooding in large river basins. In the system, computer models and modules are coupled to simulate the functional chain:
hydrology – hydraulics – polder diversion – dyke failure –
flooding – damage estimate – risk assessment. In order to reduce uncertainty in flood frequency analyses, data sets are
complimented with information from historical chronicles
and artwork. Probable maximum precipitation and discharge
are calculated to indicate upper bounds of meteorological and
hydrological extremes. Uncertainty analysis is investigated
for different degrees of model complexity and compared at
different basin scales.

1 Introduction
Worldwide there is a continuous increase in damages caused
by extreme natural events. In part this is due to the fact that
human society is becoming increasingly vulnerable to the effects of these events (Munich Re Group, 2005). In addition,
it is presumed that climatic change will intensify and increase
the magnitude and frequency of climate-dependent catastrophic events. Apart from naturally occurring extremes, anthropogenic developments are also increasing the potential
for damages (e.g. riverside settlements).
Due to the flood damages in August 2002 in the Elbe river
basin in Germany and the Czech Republic public awareness
for the improvement of the provision and management of
such emergencies has risen. This gave impetus to establish
a junior research team at GeoForschungsZentrum in Potsdam in cooperation with the University of Karlsruhe (within
the network CEDIM – Center for Disaster Management and
Risk Reduction Technology) dedicated to research of extreme flood events in large river basins.
Correspondence to: K.-E. Lindenschmidt
(kel@gfz-potsdam.de)

The visionary goal to be reached at the completion of the
research is:
– Development of a modelling system allowing the implementation and interchangeability of hydrological and
hydraulic processes of varying degrees of complexity. . .
– . . . for the provisionary management of extreme flood
events in large river basins. . .
– . . . using a computer-automated methodology that is
easily and flexibly transferable to basins of different
(macro)scales.
A modelling system is required which couples all necessary models and modules together into one integrated system, to ensure that the most important components of the
hydrological cycle causing extreme floods are included in
the simulations. The main components include precipitation,
runoff generation and routing. The latter can be greatly affected by polder diversions and dike breaches. Hence, their
impact must be incorporated.
An important question in developing such a modelling
system is how complex should the description of the hydrological and hydraulic processes be in order to retain both
good accuracy and high predictive power in the system’s
state variables. More complexity may lead to higher accuracy since more processes are represented to reflect reality.
Using models for risk assessment Cox (1999) shows that
greater complexity leads to more certainty in risk estimates
but also states that the additional complexity included in
the model must allow additional relevant observations to be
incorporated. The downside is that such complex systems
become over-parameterised (or overly sensitive as stated
by Snowling and Kramer, 2001) making validations and
predictions of other flood events difficult. Hence, an aim of
the project is to answer the question:
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Fig. 1. Concept for the research project.

Figure 1: Concept for the research project.
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any slight changes in the initial and boundary
conditions it has lost its capability as a predictive
tool)” (Lindenschmidt, accepted).
Snowling and Kramer (2001) confirmed their
hypothesis on a sorption model for radioactive
zinc onto sediments in solution (LeBeuf, 1992;
cited in Snowling and Kramer, 2001). In a second
model in which the transport of a groundwater
tracer plume was simulated, sensitivity does
increase with increasing complexity but no
relation was evident between error and
complexity. The hypothesis has also been tested
and confirmed using a water quality model
developed for the Saale river (Lindenschmidt,
submitted) and a lock-and-weir system on the
same river (Lindenschmidt and Hesse, submitted).

Figure 3: Complexity versus the uncertainty
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characteristics of the study site.
Snowling and Kramer (2001) proposed a hypothesis in which
A second hypothesis has been proposed by Lindenschmidt
model sensitivity and error, which constitutes model unceret al. (accepted) stating that there will be a shift in the error
tainty, is related to the model’s complexity level (see Fig. 3).
and sensitivity curves when implementing the same model
for studies of different scale (see Fig. 4). For example, when
“Model sensitivity increases with model complexity due to
reducing both the temporal and spatial scales, processes bethe larger number of degrees of freedom and the structure
of the interactions between parameters and state variables.
come more dynamic and quick-lived (Blöschl and Sivapalan,
1995) and increased model complexity is required to obModelling error decreases with increasing model complexity
tain the same reduction in model error. Additional processes
as the more complex models are able to better simulate realwhich may be dampened or have less impact at the large scale
ity with more processes included and fewer simplifying asneed now to be included in the small-scale model description
sumptions” (Snowling and Kramer, 2001, p. 21). “Increased

model (HEC, 1998);
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