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ABSTRACT
The uncertainty of the GIS based rainfall runoff model LisFlood has been investigated within the Generalized Likelihood Uncertainty Estimation
(GLUE) framework. Multipliers for the saturated and unsaturated hydraulic conductivity, the porosity of the upper and lower soil layer, channel
and overland flow roughness and the maximum percolation from upper to lower storages have been sampled within a Monte Carlo analysis from a
uniform random distribution. With each parameter set the model has been computed with input for the 1995 flood event of the river Meuse situated in
France, Belgium and The Netherlands. Eight gauging stations have been used for model evaluation by the Multicomponent Mapping (Mx) method.
All parameters demonstrate equifinality and no parameter set could be classified as behavioural for all the evaluation datasets. However, the resultsof
the prediction of uncertainty percentiles on the flow are very satisfactory and encouraging. The model did further show the capability to predict the
uncertainty for estimating the exceedence of threshold levels, which can be used in flood warning decision making and river basin management.
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Introduction

According to the definitions of Abbottet al. [1,2], hydrological
modelling has now reached the 5th model generation which is
characterised by highly complex physically based models linked
to Geographical Information Systems and Graphical User Inter-
faces. This phase has been driven by as incredible increase in
computer power, the increased availability of spatial data of dif-
ferent types and the need for integrated river basin management.
However, the linkage is still incomplete due to the missing 4th
dimension (time) in most of the major commercial GIS soft-
ware packages. Therefore, the development of a dynamically
modelling language within a GIS framework like PCRaster [3]
can be seen as a further important step within this model
generation.

The development of such a modelling language allows com-
plex models, like the rainfall runoff model LisFlood, to be
implemented and facilitates the use of the increasing wealth
of spatial data sets. Such spatially distributed models also
have the potential to help answer questions from policy mak-
ers about the impact of spatial changes (e.g. land use change)
or react to the increasing demand for information by the pub-
lic for more accurate spatial predictions. This has become an
especially important topic after the widespread floods in 1996,
2000 and 2002 that had severe impacts all over Europe. How-
ever, the information given is still very often deterministic and
ignores all uncertainties. This is unrealistic. A proper assessment
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of uncertainty is essential to establish trust in model predictions
by stakeholders of different types [4–9] and to inform risk based
decision making [10–13].

This is particularly the case for the LisFlood model which is
being implemented as part of a prototype for a European Flood
Forecasting System [14,15] and is used for actual predictions of
pre-warning levels for national river authorities. In this paper the
uncertainties of this model are evaluated within the Generalized
Likelihood Uncertainty Estimation (GLUE) method of Beven
and Binley [16] on the data of the 1995 flood event on the river
Meuse.

Description of the model LisFlood and Model region

LisFlood is a distributed, raster based model, which is embed-
ded in a dynamic modelling language (PCRaster) especially
designed to describe distributed modelling problems [15,17–20].
The model is driven by rainfall and temperature time series, which
are interpolated over the whole domain by Thiessen polygons.
Precipitation, interception, snowmelt, evapotranspiration, infil-
tration, percolation, groundwater flow, lateral flow and surface
runoff are computed for each cell. Table 1 and Figure 1 give a
brief overview of the key processes included in the model.

In this paper the model has been calibrated and evaluated
with 1995 flood data on the river Meuse catchment situated
in France, Belgium and The Netherlands (Figure 2). In the
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Table 1 Description of key processes in the Rainfall Runoff model LisFlood.

Process Method/Additional Information Reference

Interception of rainfall Takes account of seasonal changes in the Leaf Area Index [44] For Forest: [45]
Evapotranspiration Penman-Monteith method [46,47] For Forest: [45]
Snowmelt A degree-day method [48]
Infiltration* Smith-Parlange equation [49]
Soil freezing A degree-day method [50]
Vertical transport of water Richard’s Equation
Soil water retention and conductivity curves van Genuchten’s Equation [51]
Water retention and conductivity curves from soil texture Pedotransfer-functions from the HYPRES project [52]
Percolation to the groundwater Darcy Equation [53]

*The capillary drive value is based on topsoil texture. Saturated hydraulic conductivity values are based on topsoil texture and land use. A correction factor is applied to
account for land use influences on infiltration.
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Figure 1 Flow Chart of LisFlood Model.

France

Belgium

G
er

m
an

y

Luxembourg

20 - 102.5
102.5 - 185
185 - 267.5
267.5 - 350
350 - 432.5
432.5 - 515
515 - 597.5
597.5 - 680

N

Elevation (m)

Figure 2 Topography and location of the Meuse catchment upstream
of the Borgharen gauging station.

upper part of the catchment the number of tributaries is low,
the river slope gradient is low and the river valley that may
inundate at high water level is broad. This causes a slow

river response during high precipitation events. During peri-
ods of low precipitation discharge rates are relatively high, as
the water storage capacity in this part is high. In the mid-
dle part, Meuse Ardennes, the river slope is relatively steep.
The number of tributaries is high, while the infiltration capac-
ity of the hilly tributary catchments is low. Water is discharged
quickly, resulting in high discharge peaks and low water lev-
els during dry periods. Inundated surface area is relatively
small in this part. The lower part of the catchment is not
part of this analysis which has Borgharen as the downstream
boundary [21].

A mixture of hourly and daily rainfall fields are used to drive
the model on a 1 km× 1 km grid of 21, 128 km2 total size. The
model has been initialised with the water balance version com-
puting on a daily time step for one year and the flood period has
been simulated over 68 days at an hourly timestep [14]. The flood
event has been split into a calibration period of 27 days and an
evaluation period of 41 days (see Figures 6 and 7).

The soil properties are taken from the European Soil data base
and the saturated hydraulic conductivity as well as the soil water
content at saturation is based on the HYPRES database. Land use
and soil cover are based on the Corine database while temporal
changes in leaf area index are derived from AVHRR satellite
images [15,19,20].

Figure 3 and Table 2 shows a flow chart of the eight gauging
stations which are used for model evaluation. Additional sub-
catchment discharge data sets would have been available, but
have been ruled out because the small catchment size was not
adequately represented by the 1 km2 grid size of the modelling
domain. Further analysis of the volume of runoff generated in
each area in relation to the main outflow at Borgharen during the
evaluation period indicates that the greater part of the runoff is
generated within area 2 whereas all other regions contribute lower
percentages. This, of course, neglects the timing of the contribu-
tions which influences the position of the peak and has therefore
an impact on the result of the uncertainty analysis presented.

Generalized Likelihood Uncertainty Estimation (GLUE)

Empirical results of studies in various fields of environmental
modelling (for a summary see [22]) show that many different
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Figure 3 Flow diagram of the Meuse sub-catchment.

Table 2 Description of the gauging stations, which are available for
model evaluation.

No of Upstream Station Measured Interval
Area (Fig 3)

1 Saint Mihiel Daily
2 Chooz Daily
3 Lesse (Gendron) Daily
4 Ourthe Nisramont Daily
5 Ourthe (Tabreux) Daily
6 Ambleve (Martinrive) Daily
7 Vesdre (Chaudfontaine) Daily
8 Borgharen Hourly

sets of parameters and model structures can fit evaluation data
acceptably well and therefore, it may be impossible to decide
between them as useful predictors of the system (the ‘equifinality’
concept of [23]). However, 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 subjectivity of
this distinction [24,25], but as Freeret al. [26] pointed out, sub-
jectivity is unavoidable if no consistent error structure can be
assumed. Within GLUE a likelihood weight is assigned to each
of the behavioural parameter sets, according to how well that
parameter set has performed during a calibration period.

The likelihood weights of the behavioural data set can be used
to assess parameter sensitivity and to compute prediction limits
on hydrographs [16,27]:

P(Ẑt < z) =
i=N∑

i=1

L
[
M(θi)|Ẑt,i < z

]
(1)

N : Number of behavioural models
P: Prediction quantile
θi : Model parameter seti

Ẑt,i : The value of the variable Z at time t simulated by the
modelM(θi)

L: Likelihood measure

Furthermore it is possible to update the likelihood weights when
new measurements arrive [22,27].

This method requires the modeller to specify a prior sampling
distribution of the parameter space including any known interre-
lationships between the parameters. These specifications are not
always straightforward, because the model parameters are effec-
tive parameters, which will be affected by all sources of error
in the modelling system. The sampling strategy will inevitably
influence the result and is governed also by the available com-
puter 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 possi-
bility of quite different spatial patterns giving similar predictions
for good physical reasons.

In this particular application, to reduce the dimensionality
of the problem it was decided to sample all parameters from
uniform distributions and further, to fix the spatial relationships
between the parameters and apply multipliers to ‘base’ values.
This approach assumes that the basic spatial patterns have correct
relative magnitudes. This can be questioned considering uncer-
tainty and scaling issues [36], but would appear to be the most
pragmatic way of reducing the dimensionality of the calibration
problem for a distributed model of this type.

Table 3 shows the parameters that were sampled and the origin
of the ‘base’ values (see also [28]). The sampling range has been
adjusted according to an initial analysis and is also shown in this
table. In this methodology the posterior likelihood value derived
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Table 3 Parameters, which have been varied by a multiplier for the
Monte Carlo analysis of the LisFlood model.

Parameter Initial data source Multiplier
(uniform dist)

Saturated hydraulic
conductivity (upper soil
layer, Ks(S1))

HYPRES database 0.1–10

Saturated hydraulic
conductivity (lower soil
layer, Ks(S2))

HYPRES database 0.1–10

Porosity (upper soil layer,
Theta(S1))

Soil cover/Corine
data base

0.1–1.2

Porosity (lower soil layer,
Theta(S2))

Soil cover/Corine
data base

0.1–1.2

Saturated hydraulic
conductivity (upper
groundwater layer,
Ks(G1))

HYPRES database 0.1–10

Saturated hydraulic
conductivity (lower
groundwater layer,
Ks(G2))

HYPRES database 0.1–10

Manning Roughness Channel
(NC)

Channel Order 0.1–5

Manning Roughness
Overlandflow (NO)

Land use/Corine
data base

0.1–10

Maximum Leaf Area Index
(ML)

AVHRR satellite
images

0.1–10

Maximum percolation from
upper to lower response
box (P)

Expert judgement 0.1–10

for each parameter set realisation will reflect all the interactions
between the parameters in giving behavioural simulations. It is
important to note that within the GLUE methodology, it is the
parameter set that is evaluated rather than values of individual
parameters.

The choice of an appropriate likelihood measure is therefore
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 analysis is strongly influenced by
the choice of the likelihood measure, though this is not neces-
sarily the case as Freeret al. [29] have proven with different
likelihoods in an application of the rainfall-runoff model TOP-
MODEL. An interesting variation to this approach has been
reported by Aronicaet al. [30], Frankset al. [31], and Blazkova
and Beven [32] who have successfully used fuzzy evaluation
criteria.

The role and importance of the likelihood measure has been
discussed in Pappenberger and Beven [33]. This manuscript also
introduced a new methodology, Multicomponent Mapping, for
the evaluation of hydrographs. The latter is used in this paper and
maps the error distribution by subdividing the hydrograph ‘area’
into boxes. Unfortunately, as always in this type of real appli-
cation, no information about the real distribution of the errors
arising from different sources exists. Here, the expected final

prediction errors have been assumed to be heteroscedastic with
larger error bands at high flows and lower error bounds at low
flows. Similar assumptions have to be made about the error struc-
ture in time. For this exercise it has been arbitrarily assumed (due
to the lack of data) that a timing error of±5 h for the hourly
and±1 day for the daily observations still results in a model
with perfect performance. With larger errors the performance
of individual points decreases linearly with a zero performance
value at±10 h (±2 days). The error structure in the magnitude
was fixed in a way to reflect the heteroscedasticity and is based
on experience of acceptable model errors (due to the lack of
further information on input, rating curve, and model structural
errors:

BoxSize ∝ (0.1 ∗ qb/mean(o)) (2)

o: Vector of Observations
qb: Flow magnitude at centre of box

BoxSize: Size of box in vertical direction
0.1: Error percentage assumed at mean flow

The reader is referred to Pappenberger and Beven [33] for
a more detailed discussion of the Multicomponent Mapping
approach.

These values for the allowable modelling error can be ques-
tioned and especially their large magnitude is of concern.
However, Table 4 shows the values of the popular Nash-Sutcliffe
criteria [34] when these specific error structures are assumed for
the gauging station at Borgharen (hourly discharge). The first
two columns show the change of the Nash-Sutcliffe criteria with
an increase in flow magnitude (e.g. in the first row all measure-
ments have been increased by 10%). Table 4 demonstrates the
possibility of achieving a Nash-Sutcliffe of 0.65 with an increase
of 50% – obviously mass conservation would be violated in this
case. In the third and fourth row of this table the influence of
a timing error is shown. Even when the original hydrograph
is delayed by 20 hours, the Nash-Sutcliffe value still reaches
0.68, which is sometimes still regarded as a level for acceptable
model results [26,35]. Such an experiment could be extended to
other classical measures which have been proven not very dis-
criminatory in some cases [36]. Furthermore, the change of the
Nash-Sutcliffe values depends largely on the hydrograph used.
However, this small exercise suggests that other ways of differen-
tiating between behavioural and non-behavioural models within

Table 4 Nash-Sutcliffe values for various errors at the gauging station
of Borgharen.

Magnitude Error Nash-Sutcliffe Timing Error Nash-Sutcliffe
(percentage increase (steps)
at each measurement
point)

+10 0.9745 1 0.9957
+20 0.9142 5 0.9947
+30 0.8354 10 0.8890
+40 0.7477 24 0.6093
+50 0.6566 48 −0.1783
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the Generalized Likelihood Uncertainty Estimation framework
might be valuable.

The value of the likelihood measure and the distinction
between behavioural and non-behavioural models have been
computed in two steps. Firstly, all simulated hydrographs, which
fell outside of the specified bandwidth of acceptability have been
considered as non-behavioural. Secondly, the mean value of all
boxes which have been hit has been computed and forms the
relative likelihood measure.

A Monte Carlo analysis naturally requires a large number of
model runs and is therefore not necessarily suited for complex
models. With the above described set-up one model run takes a
minimum of 4 h on a 1.5 Ghz/512 RAM Linux machine and thus
limits the number of runs significantly. For this river basin a total
of 6,632 runs have been performed and will be analysed.

Results and discussion

Figure 4 shows the results of the Monte Carlo runs for the Lesse
(at Gendron) with the parameter multipliers on thex axis and the
likelihood measure on they axis. This picture is representative
for all other gauging stations, which show very similar results.
Each dot represents the evaluation of the simulation resulting
from a particular set of randomly chosen parameter values and it
can be seen that behavioural models range over the full extent of
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Figure 4 Dotty Plots of the 10 parameter values against theMx model performance. Each dot represents a parameter set. For a description of the
abbreviations, please see Table 3.

the multipliers. Different patterns, however, might be expected
for results from different catchments in different climatic regions
(see [35] and uniqueness of place argument [37]).

Figure 5 enhances the one dimensional projections of the
response surface shown in Figure 4 by plotting two parameters
against each other and grey coding theMx likelihood measure.
Only a subset of all possible combinations is shown for demon-
stration. The mesh has been interpolated with a cell size of 0.05
in each dimension. All values have been averaged with each cell
(various step sizes have been tried and none altered the findings
significantly).

The plots show that there is apparently no strong two-
dimensional covariation between parameters (only all the plots
with Theta seem to be stretched, which is due to the restricted
sampling range of this parameter. Furthermore, behavioural mod-
els can be achieved in various regions of the parameter space and
again indicate equifinality. Unfortunately, it is very difficult to
visualize and recognize patterns in higher dimensions (especially
the full 11 dimensions of this application). It is not unexpected
that models showing good fits to the observations should be scat-
tered throughout the parameter space [26,37,38] when a high
dimensional model (11 parameters in this case) is constrained by
only limited amount of observational data.

As already mentioned, all the other gauging stations show very
similar behaviour. However the total number of behavioural mod-
els is different for each station (Table 5). For example Ambleve
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Table 5 Number of behavioural models at each gauging station.

Station Ourthe Nisramont Vesdre Ourthe Ambleve Lesse Saint Mihiel Chooz Borgharen
(Chaudfontaine) (Tabreux) (Martinrive) (Gendron)

Nr. of behavioural 287 566 2813 2729 3260 3713 685 35
parameter sets

Table 6 Comparison between catchments of number of behavioural models (No. of behavioural models in both catchments/No. of behavioural models
in each catchment).

Ourthe Nisramont Vesdre Ourthe Ambleve Lesse Saint Mihiel Chooz Borgharen
(Chaudfontaine) (Tabreux) (Martinrive) (Gendron)

Ourthe Nisramont 100% 58% 97% 76% 93% 51% 10% 3%
Vesdre (Chaudfontaine) – 100% 62% 61% 60% 41% 11% 11%
Ourthe (Tabreux) – – 100% 61% 91% 75% 68% 20%
Ambleve (Martinrive) – – – 100% 69% 71% 67% 31%
Lesse (Gendron) – – – – 100% 75% 68% 46%
Saint Mihiel – – – – – 100% 79% 63%
Chooz – – – – – – 100% <1%
Borgharen – – – – – – – 100%

Martinrive (Figure 3, Catchment Nr. 6) has 2729 behavioural
models compared to the nearby sub-catchment Ourthe Nisramont
(Figure 3, Catchment Nr. 4) with 287 behavioural simulations.
Both catchments share very similar characteristics in the inputs
(e.g. geology, soil type, landuse and rainfall) and the main dif-
ference is in the catchment size with Ambleve Martinrive being
about 1/3 larger. A closer examination of the results shows that
the majority of simulations overpredict the flow atAmbleve Mar-
tinrive and thus this explains the worse performance. Therefore,
either the measurement has to be considered in error or the 1 km
grid square LisFlood representation of the catchment, in conjunc-
tion with the input maps, neglects certain underlying processes.

This problem is similar at the main outflow at Borgharen and
is induced by the bad model performance at Chooz (Figure 3,

Catchment Nr. 2) from which 45% of the discharge volume is
contributed. Moreover the overlap of behavioural parameter sets
between Chooz and Borgharen is minimal.

Table 6 compares the sub-catchments to each other by dividing
the number of common behavioural parameter sets through the
number of maximum possible common behavioural parameter
sets. It shows that some catchments are in very good agree-
ment whereas others have lower numbers of behavioural models,
particularly at Borgharen. This chart could indicate a probable
problem in the process representation of the model structure or
errors in the input and output data. It is very difficult to sepa-
rate these different sources of error (see discussion of Beven and
Young [39]). However, a lower number could also mean that the
data contain a higher information content which allows greater
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rejection and thus can be seen as very positive. If Figure 3 is used
and the number of common parameter sets along the flow path
is evaluated a rapid decrease can be seen. Unfortunately, no uni-
versal parameter set (Table 7) survives this rigorous evaluation
procedure, which suggests that some of the basic assumptions
of the model (e.g. the distribution of the rainfall) should be
reconsidered in future applications.

An individual calibration for each sub-catchment seems to be
inadequate from a physical modelling point of view, because only
multipliers on definite physical characteristics have been applied.
However, the uniqueness of place argument by Beven [37] sug-
gests that different parameter sets might be required in individual
catchment areas due to the aggregation of different small scale
behaviours. If this argument is extended to make the case that
effective parameters have to compensate for different errors even

Table 7 Number of behavioural models along the flow path.

Stations Behaviourals

Saint Mihiel/Chooz 540
Saint Mihiel/Chooz/Lesse (Gendron) 387
Ourthe Nisramont/Ourthe (Tabreux) 278
Ourthe Nisramont/Ourthe (Tabreux)/ 122

Ambleve (Martinrive)
Ourthe Nisramont/Ourthe (Tabreux)/ 57

Ambleve (Martinrive)/Vesdre (Chaudfontaine)
All 0
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Figure 6 Uncertainty bounds for calibration (before vertical line) and evaluation period with observed rainfall.

in very similar catchments, processed in the same way and at
similar scales, then an individual sub-catchment calibration is
appropriate. The question remains as to how far the calibra-
tion of our grid should be disaggregated in order to aggregate
to a reasonable result. Furthermore, an increase of equifinality
and non-identifiability would be unavoidable with an increase
of freedom of calibration [40]. Nevertheless, predictions can be
made for each sub-catchment hydrograph considering only the
behavioural models at this point. Figures 6 and 7 display the flow
hydrographs with the 5 and 95% percentiles. The black vertical
line marks the end of the calibration period and the beginning
of the evaluation time steps. In general the uncertainty bounds
bracket the observations very well and describe the flow regime
in the calibration period. Even in the prediction period, with a
quite different range of discharges, the observations are brack-
eted satisfactorily. As expected the discharge prediction quantiles
cover a very large range especially at the higher peaks because
the calibration period consisted of much smaller peaks. Special
attention has to be given to the hydrographs at Borgharen, which
are important for prediction of flood inundation [41]. Although
only a small sample of hydrographs was shown to be behavioural,
the prediction bounds for the calibration as well as the evaluation
period proved to be reasonable. However, it can be questioned
if this relative small sample, limited by the available computer
power, is representative enough for these predictions.

Of further interest is the plot at Saint Mihiel where the second
evaluation peak occurs later than the prediction bounds. This
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suggests an intrinsic error in the model structure or the input and
the data for this station should be reexamined. However, this
would have not changed any of the findings and was therefore
left as an example.

Another method of evaluating predictions is to concentrate on
exceedance levels [21,42], which is seen as a valuable way of

providing additional useful information to users for operational
flood warning purposes. For illustration purposes a threshold
level, which could reflect a warning level for the national river
authorities, has been set arbitrarily to 2500 m3 s−1 for the main
outflow at Borgharen. A cumulative distribution function (Fig-
ure 8) is estimated, for the duration of exceedance versus the
cumulative relative likelihood, which is similar to the percentile
evaluation at each time step and is for example a useful estimator
for flood damage [43]. Calculated in this way, the exceedance
duration estimates take proper account of the prediction uncer-
tainties. As expected the curve jumps at 0 hours of exceedance
and indicates a 28% possibility of the flow staying below the
threshold value. However, this graph also shows a possibility to
exceed this threshold for more than 200 hours which might be
important for defence structures.

Conclusions

The parameter uncertainties of the raster based rainfall runoff
model LisFlood have been evaluated within the Generalized
Likelihood Uncertainty Estimation [16]. The calibration and
evaluation data set consisted of the 1995 flood event on the
river Meuse, which is situated in France, Belgium and The
Netherlands.
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Ten parameters (see Table 2) which control surface as well
as subsurface processes have been sampled from independent
uniform random distributions and the results compared to eight
sets of evaluation hydrographs with the Multicomponent Map-
ping method [33]. The parameters are multipliers of effective
values, which are based on estimates of physical properties
or maps. None of the multipliers showed good identifiablity
and behavioural models could be found over the full range of
the sampled parameter sets. Therefore, an uncertainty analysis
should be compulsory for every model exercise even when the
changes in the modelling domain are considered as controllable
or minor.

In this study it was also not possible to establish clear
two-dimensional relationships between the parameters of
behavioural models.

Some sub-catchments have a significantly lower number of
behavioural models than compared to others, although no strong
differences in the underlying maps or inputs can be identi-
fied. It could be that the evaluation data allow a stronger
constraint and thus lead to higher identifiably of the parame-
ter sets. However, this difference could be also interpreted as a
model failure, which may be either due to the large grid scale
of 1 km2 or processes which are neglected within the rainfall
runoff model. It supports the argument of the uniqueness of
place of Beven [37]. Even when all the processes and maps
are derived in the same way for catchments with similar char-
acteristics, effective parameters may have to compensate for
deficiencies in the input data and model structures and there-
fore a determination of prior distributions is very difficult, if not
impossible. Such an argument may justify the local calibration
of individual sub-catchments, although here only global multipli-
ers have been applied to the underlying physically based model
parameters.

From this argument it is not surprising that this study fails to
establish a global parameter set, which is behavioural for all sub-
catchments. However, this total rejection of all parameter sets
should not be seen as a deficit of the modelling process, rather as
a chance to improve results or structures in future (for a similar
result see [26]).

Certainly when the model has, as in this case, produced
encouraging results in the prediction of uncertainty percentiles,
the results might still be useful in decision making during flood
periods. The model brackets the observations in the calibration
as well as the evaluation events reasonably well and can be used
for flow forecasting. The model also shows the capability to eval-
uate uncertainty in exceeding certain thresholds, which could be
a warning level for overtopping of dykes or as linkage to cost
functions [43], although this work clearly shows that this should
not be done in a deterministic way.

The latter has to be investigated for different magnitudes to
clarify the dependency of the uncertainty percentiles on magni-
tude, length and quality of the time series or other inputs such
as rainfall forecasts. It is also of interest how scaling affects the
results and thus it might be beneficial to evaluate the model on
subcatchments with smaller grid sizes or on larger grid squares
for larger regions of Europe.
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Notations

θi = Model parameter seti
BoxSize = Size of box in vertical direction

L = Likelihood measure
N = Number of behavioural models
o = Vector of Observations
P= Prediction quantile

qb = Flow magnitude at centre of box
Ẑt,i = The value of the variable Z at time t simulated by

the modelM(θi)

(see also Table 3)
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