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Abstract

In this study, the GLUE methodology is applied to establish the sensitivity of flood inundation predictions to uncertainty of the
upstream boundary condition and bridges within the modelled region. An understanding of such uncertainties is essential to
improve flood forecasting and floodplain mapping. The model has been evaluated on a large data set. This paper shows uncertainty
of the upstream boundary can have significant impact on the model results, exceeding the importance of model parameter uncer-
tainty in some areas. However, this depends on the hydraulic conditions in the reach e.g. internal boundary conditions and, for
example, the amount of backwater within the modelled region. The type of bridge implementation can have local effects, which
is strongly influenced by the bridge geometry (in this case the area of the culvert). However, the type of bridge will not merely influ-
ence the model performance within the region of the structure, but also other evaluation criteria such as the travel time. This also
highlights the difficulties in establishing which parameters have to be more closely examined in order to achieve better fits. In this
study no parameter set or model implementation that fulfils all evaluation criteria could be established. We propose four different
approaches to this problem: closer investigation of anomalies; introduction of local parameters; increasing the size of acceptable
error bounds; and resorting to local model evaluation. Moreover, we show that it can be advantageous to decouple the classification
into behavioural and non-behavioural model data/parameter sets from the calculation of uncertainty bounds.
© 2005 Elsevier Ltd. All rights reserved.
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1. Introduction

Flood inundation models play a central role in both
real-time flood forecasting and in floodplain mapping.
In flood forecasting, inundation models should be as
precise as possible to predict the approach of a flood
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correctly as well as to avoid false alarms. Flood map-
ping has to be accurate for a variety of reasons including
decision making for local planning or the insurance
industry. A full understanding of the model and the
uncertainty in the modelling strategy is therefore impor-
tant. All flood inundation models work with discharge
and water level as upstream, downstream and/or inter-
nal boundaries. Moreover, models which use the St.
Venant equations need to specify two boundary condi-
tions for both the beginning and end of the model
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region. Uncertainties in the boundary conditions are
very often neglected unless the model is used in a real-
time forecasting environment (see e.g. [1]). However, in
these cases, the inundation model is at the receiving
end of a model cascade, in which the input uncertainty
stems mainly from the uncertainties in the rainfall input
and of the rainfall-runoff predictions. Hall et al. [2] pres-
ent an example which includes uncertainty in the input
for a steady state case. To the knowledge of the authors,
no study has previously investigated the impact of
uncertainty in dynamic discharge from upstream as the
boundary condition of a flood inundation model,
although a large number of studies exist in other flood
related areas for example flood damage analysis [3,4],
flood warnings [5], flood frequency [6], and peak dis-
charges for historical floods [7].

A one-dimensional flood inundation model based on
the St. Venant equations (such as HEC-RAS, ISIS,
MIKEI11 or SOBEK) requires the specification of two
boundary conditions at the upstream and downstream
boundaries. Lacking direct measurements of velocity,
most modellers assume an upstream discharge hydro-
graph, providing a link between measured depth and
cross-sectional average velocity, as given. This is surpris-
ing, as it is known that input discharge can dominate
flood inundation behaviour and most discharge records
are still derived in many cases from rating-curves. These
convert measured water levels to discharge (see Refs. [8—
13]), on the basis of a number of discharge measure-
ments made over time at different levels or some model
of the relationship between depth and mean velocity
[14].

Several different sources of uncertainty can be listed
which limit the accuracy of rating curves and their appli-
cation to any particular event (see the extensive litera-
ture review by Pelletier [15]). There is uncertainty in
the sampling of the cross-sectional area during floods.
It might be very difficult to measure in certain locations
of the river [16,17]. More problematic is that a river
cross-section is far from being stationary [18]. Modifica-
tions of the geometry after flood events are common
[19-24]. In many cases velocity and assumptions of the
velocity distribution are combined with the cross-section
characteristics to derive discharge. However, velocity
temporally and spatially fluctuates in complex patterns,
which will cause difficulties for any measurement tech-
nique [14,15,25-27]. A further source is the measure-
ment instrument [28-30]. It is not only the discharge
determination that is subject to various uncertainties,
but also the water level. In the case of the traditional rat-
ing curves a model structure has to be assumed which
connects water level measurements to discharge. A large
number of equations exist, of which some are physically
based and some empirical (see e.g. [25,31-34]). Non-con-
tact and continuous methods may allow the measure-
ment of more data points and therefore may make

assumptions of a model structure redundant. They fur-
ther may be able to quantify all hydraulic processes such
as hysteresis (see Refs. [13,27,35,36] and references cited
therein). Other processes not always apparent from the
data include: growth and decay of aquatic vegetation;
ice; log debris jams and sediment transport
[10,11,13,37,38] or sudden changes in area and hydraulic
radius when overtopping occurs. Not mentioned so far
is the location of the measurement instrument, which
sometimes forces the modeller to additional computa-
tions to derive a representative discharge for the model
region. Most flood hydrographs are derived from rating
curves, and more sophisticated measurement devices
such as Acoustic Doppler instruments, which are also
prone to some of the uncertainties mentioned [39-41],
are still rare.

Implementation of a model also requires the specifi-
cation of roughness parameters for all reaches. The val-
ues of roughness, and the way in which it changes with
depth, will need to compensate for the limitations of the
model in representing the effects of geometry and flood-
plain infrastructure in energy dissipation at the scale of
the model discretisation. Thus, reach scale effective val-
ues of roughness are needed (see e.g. [42-46]). Since
these cannot be measured directly, they should also be
expected to be subject to significant uncertainty.

There will also often be uncertainty associated with
internal boundary conditions for the modelled reach.
In most recent studies, the uncertainty associated with
structural elements such as bridges is ignored, although
they can have a significant impact on the flood inunda-
tion predictions. This is usually justified by the argument
that such uncertainty will be compensated for by an
appropriate effective value of surface roughness. How-
ever, there are a large variety of different ways of imple-
menting such structures in different modelling packages
and the modeller will have to choose from approaches of
varying complexity, each of which might require differ-
ent compensating effective roughness values.

In this paper, we extend previous studies on parame-
ter uncertainty [46] with consideration of the uncertain-
ties in the upstream, downstream and internal (bridge)
boundary conditions, and uncertainties in effective
roughness values, in the one-dimensional unsteady flow
model HEC-RAS [47]. One-dimensional models do not
truly represent two-dimensional floodplain flow [48].
However, it has been shown that, in some topographical
configurations, the results of lower dimensional models
often cannot be distinguished from more complicated
models [49,50]. Although results may not always be
transferable directly to more complex approaches (for
example surface roughness is of less importance in
three-dimensional flow models), lessons can be learned
from these simpler approaches [51].

The uncertainty study in this paper is based on the
generalized likelihood uncertainty estimation (GLUE)
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Fig. 1. Sketch of uncertainties considered in this paper. The uncer-
tainty of the upper boundary is represented by a rating curve and
cascades into the model. The model has several uncertainties such as
the effective Manning surface roughness and various way of imple-
menting the bridges in the model region. Also the uncertainties in the
lower boundary have to be considered. The model is evaluated with
various observed data. These data have additional uncertainties in the
form of measurement and commensurability errors.

method [52] with data from the Alzette catchment (Lux-
embourg) extending the study of Matgen et al. [45].

In the first section of this paper, we propose a method
to acknowledge rating-curve uncertainty with restricted
available measurements. This is followed by an introduc-
tion of the model set-up and all available data (Section
3). The GLUE methodology and the evaluation mea-
sured used will be presented in section four. Finally the
results will be discussed and conclusions drawn. Fig. 1
summarizes all the uncertainties considered in this paper.

2. Upstream boundary—quantification of uncertainty in
rating curves

Several studies have attempted to quantify the uncer-
tainty in stage—discharge rating curves [10,22,30,32,33,53].
The difficulty of the problem is increased when, during a
flooding situation, the rating curve is extrapolated beyond
the measurement range. The flow regime changes dra-
matically as soon as the river is overbank [25] and
thus different rating curve behaviour can be expected
[13,54].

Several models have been published amongst them
the most widely used are the power law equations
[10,11,32,33].

0=clath) (1)

Qs low (m®s™"), H is water level (m) and a, ¢ and « are
calibration parameters.
And the Manning equation [10,11,31-33,557:

_l a 0.5
0=-R'S 2)

R is hydraulic radius, » is manning surface roughness, a
is exponent of the hydraulic radius [measured between
by ~0.5 and ~0.7 by 56] and S is slope.

Other approaches include the use of weir equations
[39]; theoretical relationships derived from flume exper-
iments [57,58]; neural networks [59-63]; or M5 regres-
sion trees, which approximate the data by a set of
linear equations [63]. Furthermore, Chiu and others
[14,27,64] have developed methods based on the velocity
distribution of rivers.

The power law equation and the Manning equation
will be applied in this study and therefore will be also
used to extrapolate for flood levels (similar to the
slope—area method of USGS and the study by Dawdy
et al. [65]). In this approach, the two equations are used
as equally valid representations of this extrapolation,
because it is not possible to distinguish between the dif-
ferent model structures [66,67]. This is very much in
line with the suggestion of DeGagne et al. [68] who
advocate a multiple model approach for extrapolation.
This non-identifiability is driven by poor data availabil-
ity. Rantz et al. [55] argues that ‘the rating should not be
extrapolated beyond twice the largest measured discharge
except as a last resort’. However flood inundation is
concerned with predicting extremes, therefore one
might be forced to do this, otherwise no predictions will
be made at all. Potter and others [69,70] use the
amount of extrapolation needed as an indication for
uncertainty.

In this example, only eight data points could be
found in the records which have been used to establish
the rating curve. The errors reported in the literature
for the discharge measurements are from 1.8% to 8.5%
with a large number of studies finding around 6% (see
literature quoted in [13,71]). The errors which are
quoted for the water level are around 3-14 mm,
although this seems to be a very low value (see literature
quoted in [13]). Due to the limited amount of data an ad
hoc approach to fit the rating curve is proposed. The
approach is a modified version of the Multicomponent
Mapping by Pappenberger and Beven [72] in which data
uncertainty has been expressed by pyramidal frustrums.
To each data point a pyramidal frustrum of the height
one has been assigned (Fig. 2). The height of the fru-
strum can be seen as a two-dimensional fuzzy member-
ship function and thus the minimum distance from a line
to the middle point gives a membership value. These val-
ues have been chosen according to the literature review
and communication with the company responsible for
taking these measurements.
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Fig. 2. Illustration of pyramidal frustrum at data points. An error in
the form of a pyramidal frustrum can be quantified around each
measurement. A membership value of 1 is given to each rating curve
which is within +5% of the measured discharge and simulates +0.02 m
of the measured water level. Any rating curve with an error of more
then 10% on discharge and more than 0.05 m on water level receives a
membership value of 0. The values in between are scaled accordingly to
the surface of the frustrum.

Parameter combinations for the rating curve func-
tions have been obtained by Monte Carlo sampling
and the membership values at each data point evaluated.
A parameter set has been accepted to fit the current data
set if a multiplication of all individual membership val-
ues is larger than 0. The combined membership value
can be seen as likelihood measure for this particular
realisation. This procedure is known as the generalized
likelihood uncertainty estimation (GLUE) [43,52]. It
allows that it might be difficult to distinguish between
many parameter sets which give acceptable predictions
(behavioural parameter sets). From this concept a likeli-
hood measure can be computed for each parameter set
which then can be used to compute uncertainty bounds
in prediction, including predictions beyond the range of
the data points available.

3. Description of the study area and model
implementation

The study reach is on the river Alzette (Luxembourg)
and is approximately 10 km long with an average slope
of 0.001 m/m (Fig. 3). The region is modelled by the
one-dimensional HEC-RAS model, which is based on
the St. Venant equations. The equations are solved with
an implicit finite difference scheme using a modified
Newton—Raphson iteration technique [73,74]. This type
of model is frequently criticised for not representing the
real dynamics of floodplain flow. The problems of
applying alternative higher dimension approaches are
often ignored in such an argument. Models of higher
dimension require an increased amount of parameters

and do not avoid the need to specify effective parameter
values. If no more calibration data are available, the use
of a higher dimension model will not in itself constrain
the uncertainty. Moreover, many more complex models
cannot be run on the spatial domain required. Key find-
ings and methodologies can be easily developed and pre-
sented with one-dimensional models—and then be
transferred if required.

The comprehensive data set includes pre-flood and
flood SAR images, continuous water level measure-
ments upstream and downstream of the river reach, sur-
veyed high water marks and GPS control points of the
maximum flood extent. A set of photographs taken dur-
ing the flooding event (see Fig. 7) is also available. Two
ERS-2 SAR and Envisat ASAR scenes acquired during
the rising limb and at the peak discharge respectively
cover the flooded area at two distinct stages of the event
(a further detailed description which includes the pre-
processing of the different data sources is given by [45]).

The geometry of the study region has been repre-
sented by 74 cross-sections which have been surveyed
beforehand via a combination of field measurements
(inside the river channel) and aerial LIDAR scanning
(across the floodplain). The model has been simplified
and only three different roughnesses are used to repre-
sent the left floodplain, the channel and the right flood-
plain. It would have been desirable to include further
information of geometric uncertainty as it can have a
major impact on flow paths and inundation extent
[42,75]. However this is beyond the scope of this study.
There are two road bridges within the river reach (in this
text referred to as bridge location followed by an Arabic
numeral), which cross the entire floodplain. Fig. 3 shows
the location and images of the two bridges. The low cord
of the first bridge is ~4.2 m above the river bed, the road
is ~4.9 m above the river bed and the culvert has a width
of ~12.8 m. The low cord of the second bridge is at
~ 3.25 m (above river bed), the road at ~4.75 m (above
river bed) and the bridge culvert has a width of ~12.8 m.
The bridges have been modelled with four different
approaches (in this text referred to as bridge implementa-
tion followed by a Roman numeral).

In the first approach the bridges have been com-
pletely ignored (bridge implementation method 1). In
the second approach the bridges have been approxi-
mated by using additional effective Manning roughness
coefficients (bridge implementation method 1I). In this
case the model region (without downstream boundary)
thus has five different Manning roughness values. In
the third case the bridge geometry has been included
in the cross-section and the wetted perimeter and area
changed accordingly (bridge implementation method
III). In the last representation the bridge is treated as
an interior boundary condition and the different types
of flow are represented by a combination of free and
submerged rating curves (bridge implementation method
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Fig. 3. Description of the Alzette catchment in Luxembourg. The location of the two bridges as well as some of the evaluation data (such as the
location of the maximum water level measurements) available are marked on the figure.

1V). Four different parameters are used to specify the
properties of these rating curves. At low flow Yarnell’s
equation is used, which needs the specification of Yar-
nell’s pier loss coefficient. For pressure flow a pressure
flow coefficient has to be specified and for submerged
flow a weir equation parameter is given. Moreover, this
family of rating curves needs the specification of a
Bridge Entrance Loss Coefficient. The exact derivation
and type of equations applied can be found in Barkau
[73] and the parameter range has been chosen according
to the suggested values in the user manual. The ranges of
all parameter values have been based on estimates of
their physical counterparts although it is recognised that
it is effective values appropriate to the particular imple-
mentation of the model that are required [46,76-78].
One-dimensional flood inundation models are currently
the only type of flood inundation models which have a
large variety of different bridge implementations (as well
as many other structures) implemented, used and tested.

4. Downstream boundary

Unfortunately, the uncertainty for the downstream
boundary could not be implemented in the same way
as the upstream boundary due to the lack of data.
Therefore, a looped rating curve which uses the simpli-
fied form of the momentum and Manning’s equation
has been applied. The friction slope is derived at each
time step between the two most downstream cross-sec-
tions. This boundary condition is only an approxima-
tion of the true rating curve but has the advantage to
pass waves downstream [73]. The uncertainty in this
boundary condition has been evaluated by allowing
additional effective roughness values in the last two
cross-sections, which are varied independently from all
other cross-sections.

Table 1 lists the parameters which are used as calibra-
tion parameters in each model implementation. The
parameter ranges have been deliberately chosen to
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Table 1
Model parameters and sampling range

Parameter Sampling range

Input rating curve
Method I: Manning equation
Slope 0.001-0.008

Manning roughness 0.01-0.15

Wetted perimeter exponent 0.4-0.6
Method II: Power law
C 8-16
A —0.3-0
Alpha 1-2
Main model region
Manning roughness channel 0.01-0.5
Manning roughness left floodplain 0.01-0.5
Manning roughness right floodplain 0.01-0.5
Bridges
Method I (bridges ignored)

None -
Method II (Manning roughness at bridge)

Manning roughness 0.01-0.5
Method III (include geometry)

Manning roughness 0.01-0.5
Method 1V (complex bridge)

Yarnell’s loss coefficient 0.9-1.25

Pressure flow loss coefficient 1.2-1.8

Bridge entrance loss coefficient 0.3-0.6
Weir coefficient 2.0-3.2
Bridge entrance loss coefficient 0.3-0.6
Downstream boundary
Manning roughness (channel and floodplains) 0.01-0.5

exceed ranges seen as physical acceptable to reflect the
discrepancy between effective and ‘real’ parameters.

5. Description of the likelihood measures used within the
generalized likelihood uncertainty estimation framework
(GLUE)

The generalized likelihood uncertainty estimation
(GLUE) procedure has been outlined in detail elsewhere
[52]. We will provide only a brief description. Empirical
results of studies in various fields of environmental mod-
elling (for a summary see [79]) show that many different
sets of parameters and model structures can fit evalua-
tion data acceptably well and therefore, it may be
impossible to decide between them as useful predictors
of the system (the ‘equifinality’ concept of [80]). How-
ever, some realisations can be classified on the basis of
the evaluation data as non-representative of the system
or ‘non-behavioural’ and thus can be excluded from fur-
ther analysis. GLUE has been criticised for the subjec-
tivity of this distinction [5,81], but as Freer et al. [82]
pointed out, subjectivity is unavoidable if no consistent

error structure can be assumed. Within GLUE a likeli-
hood weight is assigned to each of the behavioural
parameter sets, according to how well that parameter
set has performed during a calibration period. The like-
lihood weights of the behavioural data set can be used to
assess parameter sensitivity and to compute confidence
limits on any model predicted variable [52,83]. This
method requires the modeller to specify a prior sampling
distribution of the parameter space including any known
interrelationships between the parameters. These specifi-
cations are not always straightforward, because the
model parameters are effective parameters, which will
be affected by all sources of error in the modelling sys-
tem. The sampling strategy will inevitably influence the
result and is governed also by the available computer
power. It is a particular problem with parameters that
can be allowed to vary spatially in a distributed model,
since this will result in very high dimensional parameter
spaces and the possibility of quite different spatial pat-
terns giving similar predictions for good physical rea-
sons. The choice of an appropriate likelihood measure
is very important in the GLUE methodology. This will
depend on the type of observational data available for
a given application. It would be expected that the anal-
ysis is strongly influenced by the choice of the likelihood
measure, though this is not necessarily the case as Freer
et al. [84] have proven with different likelihoods in an
application of the rainfall-runoff model TOPMODEL.
An interesting variation to this approach has been
reported by Aronica et al. [42], Franks et al. [85], and
Blazkova and Beven [86] who have successfully used
fuzzy evaluation criteria. In this paper, we follow a sim-
ilar approach in which the limits of acceptable error for
each observation are set before any model runs are
made, taking account of any differences in meaning
between observed and model predicted variables (the
commensurability error, see Beven [66]). Table 2 summa-
rises the evaluation measures used in this study for the
different types of observational data described below.

Several data sets are available for model calibration
as described above (Table 2 summarizes the evaluation
measures used in this study). However, each of these sets
has its own characteristic and is derived in different
ways. Therefore, it is necessary to describe the applica-
tion of each set individually. All data sets have been
used in a fuzzy membership framework. In this way
one cannot take only account of the measurement errors
but also for the commensurability errors [66] (although
the latter might be difficult to quantify).

5.1. Envisat ASAR and ERS-2 SAR

A number of previous studies have applied SAR
(Synthetic Aperture Radar) imaging techniques (pixel
size 12.5 m) for estimating the extent of flood inundation
[46,50,87,88]. However, the classification of flooded and



1436 F. Pappenberger et al. | Advances in Water Resources 29 (2006) 14301449

Table 2
Evaluation data of Alzette catchment

Name Description

Envisat ASAR

Synthetic Aperture Radar image from satellite platform, Alternating Polarization mode with VV and

VH polarizations, 12.5 m pixel, image classification through histogram thresholding

Synthetic Aperture Radar image from satellite platform, VV polarization, 12.5 m pixel, image

ERS-2 SAR

classification through histogram thresholding
Photographs Oblique photographs taken from exposed ground positions
Maximum water level Post-flood measurements of maximum water levels
Hydrographs

Continuous stream stage recording at bridge location 1 and 2, pressure transducers measure the

backpressure in orifice lines set into the stream channel

Travel time

Travel time of flood peak from upstream to downstream boundary

non-flooded pixels is not always certain. Wind effects,
vegetation and wet-lands make an accurate delineation
difficult. In this paper a simple threshold approach has
been used to quantify a fuzzy membership function of
flooding along each cross-section which expresses the
uncertainty of flooding extent (see [45]). Profiles of pixel
values at several cross-sections of the river floodplain
(average floodplain width 300 m) are drawn and con-
fronted with the GPS control points of the maximum
lateral flood extent. This allows determining the thresh-
old value of the radar backscattering coefficient for the
binary classification of flooded and non-flooded pixels.
This approach provides the reference flood map. To
reflect our lack of knowledge about the real flood extent,
the threshold value of the radar backscattering is slightly
changed to delineate other plausible flood maps. Thus,
for each cross-section, a membership function has been
derived for the left and right floodplain reflecting the
probability of flooding based on our analysis. Fig. 4
illustrates this methodology which has also been applied

in similar ways by Pappenberger et al. [46] and Roman-
owicz and Beven [44].

This membership function is also constrained in the
direction of the channel to account for inundation pre-
dictions that are too low. However, the membership
functions have been independently built for the left
and right floodplain inundation extent. Thus the mem-
bership functions for the left and right floodplain are
not necessarily equivalent to each other and a predicted
water level may achieve different likelihood values on
the left and right floodplain. The difference can come
from ignorance of processes (e.g. two dimensionality
of floodplain flow), error in the DTM or the inundation
image and has to be accounted for in the model evalua-
tion process. Therefore, the union between the two
membership values on each cross-section has been com-
puted and used as performance value at each cross-sec-
tion. A similar effect can be observed in the downstream
direction with models showing significant differences in
performance values at consecutive cross-sections. This

Certainly flooded

Membership Value

Probably flpoded

Distance from Channel

Fig. 4. Membership function to compute the performance of inundation predictions at each cross-section. This function includes assumptions of the
probability of pixels being flooded. The distance is given from the centre of the river and the membership values decrease towards the edges of the

floodplain.
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error has been taken into account by applying a moving
average (size three) to the evaluation results. The size of
this window has been determined subjectively by visual
analysis of the data.

5.2. Photographs

The photographs of the flooded area have been
mapped back on the Digital Terrain Model. The edge
of the inundation area was determined by visual com-
parison of the photographs (taken at an oblique inci-
dence angle) with geo-referenced aerial photographs of
the area (taken at vertical incidence before the event).
Geometrical features that were recognised on both
images allowed the delineation of the edge of the flooded
area. Since the delineation of the edge of the flooded
area is based on the recognition of geometrical features,
the accuracy of the shoreline derived from the photo-
graphs obviously relates to the presence or absence of
such features. In the worst case, no geometrical features
are available and in these areas an error of 30 m has
been assumed. Similar to the SAR, a fuzzy membership
function has been derived and computed. Comparisons
with the model results take account the time at which
the photos were taken. The exact derivation of perfor-
mance measures and the processing of the remotely
sensed images is explained in more detail by Matgen
et al. [45].

5.3. Maximum water level

Eight different measurements of the maximum water
level are available for this model region, which again
have been evaluated by fuzzy membership functions.
Any error below 0.5 m has been given the membership
value of one and any error of more than 1 m has been
given a value of zero. This commensurability error is a
combination of the error in the DTM and the GPS,
which as been used for this measurement. However,
the 1 m limit is very large and the geometry should be
refined to decrease this error in future studies.

5.4. Hydrographs (water level)

The hydrographs have been measured at the two
bridges and are analysed via the Multicomponent Map-
ping method [72]. This method enables the specification
of subjective error bounds around the measurements
and the computation of a performance value. In this
case a maximum error of 1.5 h has been allowed in the
time direction and a maximum error of 10% for the
water level predictions. These values have been chosen
to incorporate the commensurability (location of the
water level measurement in the bridge structure and
the quasi one-dimensional representation in the model)
as well as the measurement error.

5.5. Travel time

Unfortunately, in this case it is not possible to use the
downstream hydrograph as boundary condition or eval-
uation data, because a small tributary flows into the
main river before the last cross-section. However, the
confluence does not peak at the same time as the main
river, so it was possible to take the travel time of the
peak flow. The peak time evaluation has been evaluated
similar to the maximum water levels. Any errors greater
than 1.5 h have been given a membership value of zero
and errors smaller than 0.5 h a membership value of 1.

These different datasets can be used to constrain the
uncertainty in model predictions and to evaluate the
importance of different parameters in producing accept-
able or behavioural models. In this paper, the Sensitivity
Analysis based on Regional Splitting (SARS-RT) has
been employed. SARS-RT is based on the construction
of Regression Forests and allows the determination of
the importance of parameters and parameter combina-
tions in different regions of the model space. It is
described in detail in Pappenberger et al. [89]. This
method can help to identify the sensitivity of a model
parameter towards the model results and thus helps to
identify important and influencing parameters. The
more important a parameter is the higher is the impor-
tance value.

6. Results

The results of the rating curve uncertainty analysis
are first presented, followed by an analysis of the influ-
ence of this uncertainty on the flood inundation model.
Then the uncertainty analysis of the bridge structure is
presented. Finally, the results of all evaluation criteria
are drawn together.

6.1. Rating curve uncertainties

The uncertainty in the rating curve will directly affect
the estimate of discharge which is used as inflow into the
model region. In Fig. 5, the scatter plots of the behav-
ioural parameter set of the power law equation is pre-
sented. Each dot in this figure presents a rating curve,
which is behavioural at each data point. All parameters
show a large range of equifinality and a similar plot
can be drawn for the Manning equation. In the Manning
equation the Manning roughness and the channel slope
have a power law relationship, which is seen in Eq. (2).
The Manning equation has been developed for uniform
flow and it cannot be expected to hold fully for non-uni-
form conditions or as flow goes overbank [25]. There-
fore, the true uncertainty bounds are probably larger
than presented in this plot—especially in the light of all
uncertainties quoted in Section 1. It would therefore be
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expected that the uncertainty bounds in the rating curve
will widen even further at the top end of the rating curve.

All parameters have been estimated for flow condi-
tions considerably below the peak of this flood event.
Hence, parameter sensitivity and uncertainty will most
probably not hold at extrapolation (see Section 1). How-
ever, the latter is frequently done. Figs. 6 and 7 show the

effect of the uncertainty in the rating curve by plotting
the envelope of all behavioural rating curves and the
spread of the inflow hydrograph, respectively. The lower
boundaries of both equations are nearly identical and
the upper boundary of the power law is higher than
the Manning equation. At the upper limit of the dis-
charge range considered the uncertainty range of the
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Fig. 6. Envelope curve of rating curves of the Power law and the Manning equation. The envelope is taken from the 5% and 95% percentiles of all
rating curves, which achieve a performance greater then 0.
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Fig. 7. 5% and 95% percentile of the inflow hydrograph for the
Manning equation and the power law. The figure illustrates the range
of inflow created through the uncertainty of the rating curve. The
figure also shows the timing of the remotely sensed evaluation data,
which are available for this analysis.

Manning equation is roughly 11 and 15m?®s™" for the
power law. This is considerable knowing that the mean
maximum discharge for this event is around 60 m*s~".
Such a high value can have significant impact in addi-
tion to the other sources of uncertainty investigated in

this paper. In many countries flood warning levels are
attached to certain water levels or discharges and in such
cases an uncertainty of this magnitude may be consid-
ered as very high by decision makers. This already indi-
cates the importance of the uncertainty in rating curves
for local inundation predictions and in the following sec-
tion the impact on the flood inundation will be investi-
gated. The uncertainty analysis of the input rating
curve is used in the further modelling exercise.

6.2. Sensitivity of water level predictions to input
uncertainty

The influence of the input uncertainty of the rating
curves on water level predictions has been evaluated
by employing the SARS-RT analysis technique. The
sensitivity analysis has been performed for the timing
of the three remotely sensed images, and the uncertainty
of the rating curve has been included by using the inflow
discharge at the time of each image as an input param-
eter. However, this is only a partial reflection of the sen-
sitivity, as one expects a shift of the importance values
over time which is not considered. All figures in this par-
agraph only plot the major effect of each parameter and
no effects due to parameter interaction or correlation
(see [90] for details). Fig. 8 presents the median of the
importance measure of the SARS-RT analysis at the
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Fig. 8. Median of the SARS sensitivity analysis along all cross-sections for bridge implementation I at the time of the ERS-2 SAR image. The lower

the importance measure the less sensitive is the parameter.
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time of the ERS-2 SAR image and using bridge imple-
mentation 1. In this plot, the sensitivity of all model
parameters plus the inflow against the water level in
each particular section has been tested. The higher the
value on the ordinate the more sensitive is the parameter
towards the water level at this particular cross-section.

In this figure only the three most sensitive parameters
are presented and it shows that the model region is
mainly influenced by the Manning channel roughness
and the inflow magnitude. The value of the Inflow mag-
nitude importance measure declines towards the end of
the reach and drops sharply at the last 10 cross-sections.
The channel roughness remains important over the
entire model region (this is equivalent to the findings
of Hall et al. [2] with a raster based model), but is less
important than uncertainties in the inflow magnitude.
The floodplain roughness is not important at any
cross-section of this model and hence is not shown in
Fig. 8. At the downstream sections, the outflow rough-
ness becomes increasingly important. The influence of
the downstream boundary stretches over more than 20
sections. The large influence of the upstream and down-
stream boundary on a large amount of the cross-sections
differs from the results by Hall et al. [2]. In their paper,
the influence of the uncertainty in the inflow is small and
changes little along the river. However, this publication
uses a different model (Lisflood) and varies different fac-
tors. Moreover, only a ~5% uncertainty on the dis-
charge magnitude is considered and the inundation is
computed under steady state conditions. Moreover,
the modelled reach does not contain the structures that
have been included here in the representation of the Alz-
ette. The fluctuations of the difference between the
importance of the channel roughness and the inflow
magnitude are probably due to changes in channel
width. This indicates that another major factor (geome-
try uncertainty) does have an important effect on param-
eter sensitivity and uncertainty [75].

Bridge implementation II (not plotted here) shows
very similar sensitivities to implementation I and indi-
cates only minor and local additional significance of
the roughness at the bridge location. This suggests that
one local roughness value does not have a large influ-
ence on the entire model reach and has restricted effects
on a local scale. The lower downstream condition influ-
ences the model region again for roughly 20 sections.

The influence of the downstream boundary for bridge
implementation III and IV reaches further upstream
(~30 sections). This illustrates the non-linear effect of
the bridge implementations as there is no difference
between the lower cross-sections of the different bridge
implementations. Moreover, the constriction of the river
at the bridge seems to have significant impact on the
influence of the uncertainty at the upstream boundary.
Fig. 9, which has again only the three major effects
plotted, demonstrates this effect and shows a sharp

fall in the importance at the bridge location. The chan-
nel roughness becomes influential after the first bridge,
which is also true to a lesser extent for bridge imple-
mentation III. This indicates that the flow is more con-
trolled by the constriction of the river than the bridge
parameterisation.

These results show that the relative importance of
uncertainties is very dependent on the hydraulic condi-
tions in the reach and that the influence of the boundary
conditions is so large that they have to be considered as
additional calibration factors.

6.3. Sensitivity of water level predictions to bridge
implementation

It is possible to examine the bridge effects more
directly, by subtracting the water levels at each cross-
section from the water level at the first cross-section
(or any other reference water level). In Fig. 10, this is
shown for the time of the ERS-2 SAR image, in which
the envelopes of this analysis, split by the four different
bridge implementations, are plotted. Bridge implemen-
tations I and II do not show any difference in their
behaviour, which suggests that the application of a sin-
gle different roughness value at one cross-section has a
minimal effect. However, the other two implementations
(IIT and IV) show the potential to create large backwater
effects at the first bridge and no large variations are
shown at the location of the second bridge. The differ-
ence is due to the size of the bridge opening, which is
about 50% larger at the second bridge compared to
the first bridge. The back-water effect will be mainly
due to the parameter choice for each bridge implementa-
tion. Implementations III and IV heavily constrain the
cross-sectional area of the flow. A more extreme choice
of Manning surface roughnesses for bridge implementa-
tion II might have created a similar effect.

This difference can be also demonstrated on the two
stage hydrographs, which have been measured at the
bridge locations. Fig. 11 shows the hydrograph evalua-
tion measures (average over all time steps) at each
bridge site expressed in terms of the numbers of simula-
tions in different classes of performance. Bridge imple-
mentations I and II are very similar and do indicate
more behavioural model realisations at the upper end
of the distribution. Model simulations with bridge
implementations III and IV result in far fewer behav-
ioural models. Bridge implementation IV even fails to
achieve any behavioural parameter sets at the location
of bridge one. This is partially due to the fact that nei-
ther pressure flow nor bridge overtopping occurred in
this event (the deck was easily cleared) and bridge for-
mulation IV seems to constrain the through flow to a
far too large extent. This of course questions whether
the more complex bridge formulations can be distin-
guished from the simpler ones if none of the above flow
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Fig. 9. Median of the SARS sensitivity analysis along all cross-sections for bridge implementation IV at the time of the ERS-2 SAR image. The lower

the importance measure the less sensitive is the parameter.
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Fig. 10. Range of predictions of difference of water levels to first cross-section over all behavioural models at the time of the ERS-2 SAR image. The
difference between the water levels predicted at each cross-section (numbered on abscise from upstream to downstream) and the first cross-section is
computed for each model realisation. The 5% and 95% envelope curves of all these computations are plotted on this figure.

regimes occurs. In other words, the quality and quantity
of data prohibits an entirely fair comparison.

6.4. Spatial and temporal shift of behavioural surface
roughnesses

Such a comparison of distributions can be also used
to investigate changing behaviour in Manning surface

roughness values. It is possible to compute the cumula-
tive distribution function (cdf) at each cross-section for
the Manning surface roughness based on the perfor-
mance of the model as evaluated with the fuzzy member-
ship functions at each cross-section. These cdfs can be
compared to each other e.g. by computing correlation.
For example it is possible to compute the correlation
between the cdf of cross-section 50 with the cdf of
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Fig. 11. Histogram of the of the model performances of the stages at the two bridges against the number of behavioural models after evaluation. The
results for all four bridge implementations are shown.

cross-section 51. The same can be done in time in com- Fig. 12 for both the space and time variations. In the
paring performance for the different SAR-derived inun- upper subplot of Fig. 12, the roughness cdf at each sec-
dation maps. The result of such an analysis is shown in tion has been compared to the cdf of the following sec-
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section and for each remotely sensed evaluation picture. The correlation between these cdf’s has been computed and plotted for each bridge
implementation.
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tion. Large values means that there is a strong correla-
tion between the cdfs. In this figure, a significant change
in distribution suggests that different Manning rough-
nesses are required for those cross-sections. For example
in Fig. 12, the distribution at cross-sections 50 and 51
differ and thus it might be possible that different effective
Manning roughnesses have to be applied. In contrast a
value of close to one is computed for cross-sections 56
and 57, which seem to suggest that their distributions
are similar and no additional local roughness values
are required.

However, such conclusions should be only used as a
guide since the results will depend on the evaluation
measures chosen with the associated difficulty of assess-
ing appropriate limits of acceptability for all the avail-
able observational data. What is clear is that the model
is influenced by a complex interactions of parameters,
which will make it difficult to pin-point how parameter
values should be changed locally [71]. This becomes
especially clear at the cross-sections 61-65. The bridges
are located several kilometres upstream of these sec-
tions and nevertheless the similarity of the distributions
of the four bridge implementations varies at these par-
ticular sections. This may be the result of an interac-
tion between the downstream boundary condition
and the amount of water which can pass through the
bridge structures. A more consistent pattern between
the cross-sections exists for the cross-sections 50-55.
This suggests that the model performance may be
improved by assuming a separate effective Manning
Roughness value for these sections, despite the fact
that the real surface cover and channel morphology
at these sections do not differ significantly from the
previous or later sections. Another reason for this
grouping could be an especially high spatial correlation
of the performance measure (it has been difficult to
determine the shoreline in this area) and not of the sur-
face roughness itself. In fact we would like to link this
disaggregation to local characteristics of land-use and
floodplain infrastructure. In this case, the density of
houses is slightly increased in this area. This exhibits
an interesting discrepancy as, on the one hand it has
been shown by Werner et al. [91] that floodplain
roughnesses based on land-use do not improve overall
model performance and on the other hand that our
model seems to suggest exactly such adjustments to
improve model performance. As Werner et al. [91]
pointed out, the interaction between the different fac-
tors influencing model performance is highly complex
and non-linear.

The lower subplot of Fig. 12 provides a comparison
between different time (non-existing bars indicate miss-
ing data either at the time of the aerial photographs or
the ENVISAT ASAR). The reader is reminded that the
photographs have been taken during the recession and
the radar image at the peak (Fig. 7). Some of the cross-

section values seem to argue for effective roughness val-
ues that vary, whereas others do not allow this conclu-
sion for the two time step images available. This
variation could be due to different water levels as these
images are taken at different times or due to other pro-
cesses which are connected to the difference between
peak flow and recession. Comparisons between the
other combinations of remotely sensed images lead to
similar conclusions. Again, the correlation between
water depth and surface roughness is inconsistent, as
it seems to be high at some cross-sections but not at
others.

6.5. Comparison of all model results

The methods of the previous section can be applied to
all other evaluation criteria as well. In this chapter, the
analysis of all evaluation criteria is drawn together and
an overall picture of model behaviour is presented.

In Table 3, the number of behavioural model realisa-
tions for each evaluation criteria is presented. The last
column shows the number of numerically stable model
runs from the total number of runs (~20,000 for each
bridge formulation). This table shows that the model
simulations which contain the bridge as a geometrical
structure (implementation method III), have a very
low number of numerically stable solutions. This is
probably due to the rapidly changing conveyance prop-
erties at this location. Unfortunately, it was not possible
to acquire a better explanation, why so many model sim-
ulations are unstable. This would require the source
code, which was not available at the time of this
research.

The different model structures show a significant dif-
ference in the number of acceptable runs at the two stage
measurement sites (bridge locations 1 and 2) and the one
measure based on maximum elevations. This maximum
elevation measure is shortly before the first bridge struc-
ture and thus can be explained by the previous analysis
of the bridge behaviour. Of further interest is the time of
the peak at the downstream boundary. From Table 3 it
becomes apparent that bridge formulation IV has a lar-
ger number of ‘good’ runs and further analysis seems to
suggest that this is connected to backwater effects at the
first bridge. However, previous analysis suggests that the
timing of bridge formulation IV is not very good as it
does not satisfy the stage hydrographs at the bridges.
In contrast the first two bridge formulations have a large
number of behavioural simulations for the stage
hydrographs.

Table 3 also displays the total number of accepted
model results, which fulfil all the criteria listed in this
particular table. A similar table can be shown for the
spatial inundation images (Table 4). In this table, the
number of the behavioural runs at each inundation
image and for each bridge implementation is listed.
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Table 3

Number of behavioural runs for all likelihood measures beside inundation extent

Bridge

Total number
of stable runs

Combined number
of behavioural

runs
6
7

Stage

Stage

Max water

level

Max water

level

Max water

level

Max water

level

Max water

level

Max water

level

Max water

level

Travel
time

Lintgen

Hunsdorf
(bridge 1)
2597
2843

implementation

(bridge 2)
2595

combined
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location 6

location 3 location 4  location 5
9600
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location 2

location 1
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9668
10,231

9525
10,183

9609
10,194

9608
10,194

9612
10,194

9613

10,198

558

2094

75
88

71

140
519

11

3186
9250

102
280

2105
7262

2350 2284 2280
8791

709

1486
9328

I

v

8177

8165

27

Table 4
Number of behavioural simulations of inundation extent

Bridge I  Bridge II  Bridge III  Bridge IV

ERS-2 SAR 3628 7150 7291 6615
ENVISAT ASAR 19 33 331 514
Photographs 626 923 2474 8761
All images 15 27 41 42
All likelihood 0 0 0 0

measures

Again bridge formulation IV results in a large number
of runs accepted, and furthermore ENVISAT ASAR
results in a very low number of behavioural runs.

It is perhaps not surprising that out of ~80,000 sim-
ulations with different parameter set no set survives this
rigorous analysis of acceptability across all performance
measures (see Table 4), even though all model set up and
likelihood measures have been based on values which
could be considered as generous by practitioners. Unfor-
tunately this means that the current model set-up has
limited predictive power and has to be used with caution
in prediction for future events. This is naturally not a
preferred outcome from a complicated modelling exer-
cise. Nevertheless, it has been shown that large amounts
of information about the model can be retrieved by an
uncertainty and sensitivity analysis—although a precau-
tionary approach has to be taken in how this informa-
tion is applied.

7. Discussion

The GLUE methodology applied here requires the
specification of a range of acceptable values for each
observation which distinguishes between the behav-
ioural and non-behavioural sets of models. Models that
result in predictions outside that range are rejected [66].
Ideally, a physically-based model should perform
behaviourally for all evaluation measures otherwise the
adequacy of the physically-basis of the model can be
questioned. However, this requires that the effective
observational errors allowed are also physically consis-
tent. It is often the case that when images of inundation
are projected back onto the available geometry, then the
interpolated inundation heights are not physically con-
sistent, even allowing for the difficulties in finding the
inundation boundary. In this case it may be very difficult
to find a model that provides simulation results that are
globally consistent with the observations. There are then
four possible responses: investigate those regions of the
flow domain where there are consistent anomalies
between model predictions and range of observations;
avoid using data we do not believe or that is doubtful;
introduce local parameters if there are particular local
anomalies (as at the bridges); make error bounds wider
is some way where data is doubtful; or, if none of the
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above can be justified (no reason to doubt anomalous
data), then resort to local evaluations in assessing local
uncertainties (for the latter see [92]).

Related to this is the interesting discussion of whether
a model has to be acceptable for all evaluation measures
or if this may be only restricted to one of the evaluation
measure of particular interest (e.g. inundation level at a
hospital). The model should ideally be behavioural for
all evaluation criteria, due to the physical basis of this
modelling approach. However, this may not be a very
practical approach when the computation of risk levels
is needed and the engineer may have to give his best edu-
cated guess. This requires a choice of which set of per-
formance criteria have to be satisfied for different
types of predictions and which set of performance mea-
sures are used to actually compute the uncertainty
bound. Both sets do not have to be identical and in
many cases it will be difficult to make this decision due
to the non-linear interactions of the model. For example
in this particular case, even though no simulations are
behavioural for all evaluation measures, a flood hazard
map can be derived for the time of the Envisat ASAR.
As it is close to the maximum inflow discharge, the min-
imum requirements are that the parameter set has to be
behavioural for each maximum water level (Table 3) as
well as for the Envisat ASAR image (Table 4). However,
the cumulative distribution function for each cross-sec-
tion will be computed by using the performance measure
at each cross-section rather than for all cross-sections.
Fig. 13 illustrates this risk map with the 5% and 95%
percentile. The previous discussion illustrates that such
a map has to be interpreted with care as it is based on
only a fraction of the available performance measures.
In any publication or presentation this should be made
clear.

Similar explicit reporting is needed for any sensitiv-
ity analysis. It can be shown that the relative impor-
tance of any factor depends largely on the hydraulic
conditions in the reach. Therefore, decisions to omit
factors from further analysis due to low sensitivities,
or the attempt to decrease the overall model uncer-
tainty through knowledge gain of the most sensitive
factors, has to be based on a large variety of hydraulic
scenarios.

We demonstrate that the GLUE approach allows for
the possibility of model failure. It has to be especially
highlighted that the most complex bridge implementa-
tion did produce a much higher number of behavioural
model runs of the timing of the peak discharge between
upstream and downstream boundary. This seems to be
inconsistent with all the stage evaluation data. It sug-
gests additional neglected processes within the model
reach which have not been considered in setting up the
model. The equifinality of the different bridge implemen-
tations opens the question about the choice of the cor-
rect one. According to Young et al. [93] the most

Flow direction
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Fig. 13. Flood hazard prediction for the inundation extent at the time
of the Envisat ASAR image. The 5% and 95% of flood hazard is
plotted along the Alzette river. This flood hazard map could be used
for flood warning or flood mapping purposes.

simplest implementation which can be justified by the
data should be chosen, whereas Abbott and other [94]
would argue that the most physically correct implemen-
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tation should be chosen. We leave it to the reader to sub-
scribe to one of these views.

Reporting inadequacy of any modelling exercise is
not common practise. In fact, it is normal to ignore
this possibility in calibrating a model by optimisation
and in statistical estimations of modelling uncertainty
(see Discussion in [66]). However, this also raises the
question of how the modelling strategy can be
improved in the light of the model failure in this case.
Our current model is obviously inadequate to represent
the current evaluation data within our assumptions.
The most obvious solution is to increase the number
of parameters (e.g. assign more roughness values) and
add processes, such as the height dependency of the
Manning roughness, or increase dimensionality of the
model structure. With unlimited computer power and
a large number of Ph.D. students it may be possible
to explore all these configurations. There are three pos-
sible outcomes out of such a labour intensive modelling
exercise.

Firstly, we may still end up with no model configura-
tion which is constrained within the error of the obser-
vations. This may mean on the one hand, that we still
have not found a proper representation of the model
region and on the other hand that there are fundamental
flaws in our evaluation data and assumptions. Both
results would be the seed for an additional extensive
measurement program to identify missing processes or
faulty data. The model failures guide the type of mea-
surements which have to be conducted and thus hint
at knowledge gaps in the understanding of hydrology
and hydraulics.

Secondly, we may end up with a large number of dif-
ferent model formulations, which fit all our criteria
(equifinality of model structures). If we believe that such
a physical model is an approximation of reality, then we
could assume that there are several physical processes
which can represent the data and thus we have to go into
the field and determine those data which would best dis-
criminate between the alternative models. However, we
should expect that prediction uncertainties without
additional constraints might remain high, because due
to the nonlinearities of the system any extrapolation
would result in a large variety of predictions from the
set of behavioural models.

Thirdly, we may have only one or a small number of
similar model structures and set-ups which represent the
data. In this case we may have partially succeeded and
can establish a strong hypothesis that this model region
has a certain hydraulic configuration, at least under the
conditions of the evaluation event(s) (including any
interactions between input data error realisation and
effective parameter values). Such a constrained set
should be used with care in extrapolating to other, per-
haps more extreme, events taking proper account of the
input uncertainties.

8. Conclusions

The effects of uncertainty of the input boundary con-
ditions on inundation predictions are very often
neglected. This is despite the fact that the inflow in
most inundation models is very often derived from rat-
ing curves which have been established with limited
measurements. These curves are liable to considerable
uncertainties because of difficulties in determining the
cross-sectional area, velocity, model structure and
regression method. In this paper, we introduce a meth-
odology to acknowledge this uncertainty which is based
on the Generalized Likelihood Uncertainty estimation
framework [52] and the Multicomponent Mapping
[72]. The inundation model used in this study requires
also the specification of Manning surface roughness
coefficients. Three roughness coefficients (one channel,
one left floodplain and one right floodplain) have been
specified for 74 cross-sections of the Alzette river reach.
The uncertainty in the downstream boundary has also
been included in this analysis. Three different remote
sensing images are available for model calibration. It
has been assumed that any model which predicts the
flood inundation better than a linear interpolation is
behavioural and produces equally acceptable results.
The region modelled also contains two bridges, which
have been modelled in four different ways of increasing
complexity.

An analysis of rating curve uncertainties leads to an
uncertainty of the input of 18-25% at peak discharge.
This input uncertainty has a significant impact on the
model performance as well as on acceptable effective
Manning channel roughness values, as does uncertainty
in the downstream boundary. However the extent of the
impact in upstream or downstream direction depends on
the bridge implementation chosen. The input uncer-
tainty has naturally a larger impact on the model as long
as the type of bridge formulation does not dominate the
inundation extent and the flow regime. The relative
importance of any source of uncertainty depends largely
on the hydraulic conditions in the reach. Therefore,
decisions to omit factors from further analysis due to
low sensitivities or the attempt to decrease the overall
model uncertainty through knowledge gain of the most
sensitive factors should be based on a large variety of
hydraulic scenarios.

Different implementations of bridge structures can
lead to significantly different predictions of inundation
extent. Bridges have large impacts on flood inundation
at high flow and the details of the geometry are generally
not adequately specified in hydraulic models. The most
complex bridge formulation failed to produce any
acceptable model simulations when evaluated with
respect to the stage hydrograph situated on the bridge
with the steeper slope. It could not be verified how far
this is related to the difference in the real location of
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the stage hydrograph at the bridge and its counterpart in
the model with significant distances between cross-sec-
tions. However, all other bridge formulations do lead
to multiple acceptable simulations (indicating some
equifinality of model structures).

It has been shown how the results of the simulations
can be used to suggest how the effective values of the
Manning surface roughness could be spatially disaggre-
gated based on local model performances. However,
there was no obvious correlation with local floodplain
characteristics and therefore this approach has been
only partially successful due to the difficulty in unambig-
uously identifying the source of any discrepancy or
similarity.

Unfortunately, none of the sampled model structure/
parameter set combinations was acceptable for all the
evaluation criteria and thus the predictive power of the
model is limited. In other words, this modelling
approach failed, though this conclusion is necessarily
conditioned on the limited number of model runs that
were possible for each configuration. We argue that ide-
ally, a physically based model should be behavioural for
all evaluation criteria justified by the goal of the model
and it is possible, that given an unlimited number of
runs a number of such models might have been found.
However, when the model runs available are not accept-
able on all criteria it can be questioned whether uncer-
tainty in predictions (discharges, risk maps) based on
only certain evaluation measures have value. This is a
fundamental problem and could occur easily with more
complex flood inundation model structures (e.g. two-
dimensional representations of the floodplain). We pro-
pose four different responses to this problem: closer
investigation of anomalies with a possible rejection of
some evaluation measures; introduction of local param-
eters at locations where sensitivity analysis suggests dif-
ferent values are justified (though at the cost of an
increased dimensionality of the model space); increasing
the size of the acceptable error bounds based on reason-
able justifcation; and resort to the use of local evalua-
tion measures in making local predictions. Moreover,
we make the case that it can be advantageous to decou-
ple the classification into behavioural and non-behav-
ioural data sets from the calculation of uncertainty
bounds. In practice, a modeller may be forced to pro-
duce an educated guess of flood hazard maps, and thus
it might be necessary to compute uncertainty maps
based on a fraction of the available performance mea-
sures. In such an approach a decision has to be made
as to which performance measures have to be behav-
ioural and which performance measures are used to cal-
culate the risk maps.

The results of this study lead to the overall conclusion
that it is vital to consider the uncertainty in rating
curves, channel roughness and downstream boundary
in flood forecasting and flood mapping. The overall

uncertainty would be reduced significantly if the uncer-
tainty in these parameters and variables could be
reduced.
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