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Abstract

Global sensitivity analysis is a valuable tool in understanding flood inundation models and deriving decisions on strategies to reduce
model uncertainty. In this paper, a sensitivity analysis of a one-dimensional flood inundation model (HEC-RAS) on the River Alzette,
Luxembourg, is presented. It is impossible to define sensitivity in a unique way and different methods can lead to a difference in ranking
of importance of model factors. In this paper five different methods (Sobol, Kullback–Leibler entropy, Morris, regionalised sensitivity
analysis and regression) are applied and the outcomes on selected examples compared. It is demonstrated that the different methods lead
to completely different ranking of importance of the parameter factors and that it is impossible to draw firm conclusions about the rel-
ative sensitivity of different factors. Moreover, the uncertainty inherent in the sensitivity methods is highlighted.
� 2007 Elsevier Ltd. All rights reserved.
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1. Introduction

Quantitative uncertainty analysis is currently a popular
topic in hydrological and hydraulic modelling as well as
for many other complex systems [22]. At the same time,
understanding, rather than simply evaluation of the influ-
ence of different uncertainties of model factors on the mod-
elling outcome, has become a key question [49]. A factor is
any source of uncertainty in the modelling process includ-
ing parameters, boundary conditions, model structure, etc.
Such understanding is especially important if the goal is to
reduce the model uncertainties when resources for making
model runs and collecting additional data are limited [16].
Pappenberger et al. [46,47] and Hall et al. [21] present cases
that try to achieve such an understanding for flood inunda-
tion models with the help of sensitivity analysis (SA). The
study of Pappenberger et al. [47] highlights the need for
0309-1708/$ - see front matter � 2007 Elsevier Ltd. All rights reserved.
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an iterative modelling process based on sensitivity analysis
to refine, develop and understand flood inundation models
(see also [15,18,30,31]). Hall et al. [21] analyse the sensitiv-
ity of the Manning channel roughness parameter changes
along the river and highlight areas in which improved sam-
pling or modelling strategies could improve flood inunda-
tion predictions. The sensitivity analysis used in both
studies provides insight into the robustness of model
results, which will be important in any decision making
process that depends on the results of a simulation model
[20,23,48,59], for example in risk management [2] or miti-
gation [29].

In past studies, SA has been categorized in multiple
ways [14,20,23,27] and in this paper we adopt the division
into two broad categories: local SA and global SA (see dis-
cussion of this topic in [17]). Local sensitivity analysis con-
centrates on the local impact of factors on the model and is
therefore suited for investigations around a specific point
of interest (e.g. height of a flood defence) or optimisation
techniques. Beven and Binley [9] have rejected the concept
of one optimum model result and argue that multiple
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combinations of the values of different factors will usually
be found that are equally acceptable in comparison to eval-
uation data (the equifinality thesis – for a discussion see [7]).
In such a framework, local sensitivities in the area of indi-
vidual models considered to be acceptable might be quite
different, and global sensitivity analysis (GSA) is more
appropriate as it apportions the output uncertainty to the
uncertainty in the input that cover the potential range for
each factor [49,53]. The phenomenon of equifinality has
been observed in the uncertainty analysis of many flood
inundation models of different types [1,3,25,41,51,60].
Therefore, the methodology in this paper will be based
on GSA techniques.

The first part of this paper describes the concept of sen-
sitivity and explores the effect that different definitions of
‘sensitivity’ have in the context of flood inundation model-
ling. The ambiguity in those definitions can have a signifi-
cant impact on any further modelling exercise and makes it
necessary to embed the analysis into a multi-method global
sensitivity analysis (MMGSA). This will be demonstrated
on the example of a flood inundation model of the River
Alzette (Grand Duchy of Luxembourg).

2. Settings for sensitivity analysis

A more detailed discussion is necessary in order to
understand the differences in SA methods. Therefore, this
section first discusses the definition of sensitivity in respect
to their factors and the definition of sensitivity itself.

2.1. First, higher and total order of factor sensitivity

A model factor contributes to the sensitivity of a model
outcome through variations of this factor alone and by
interaction with other factors. The influence a factor exhib-
its on its own is called first order sensitivity and the effects
due to interactions are called higher order effects. The total
sensitivity of a model factor is defined through its first
order effects plus all higher order effects. For correlated
inputs it can occur that the first order effects are larger than
the total effects exclusively due to the dependence structure
in the inputs. Therefore, a small total sensitivity can still
indicate sensitivity. However, this depends largely on the
way the sensitivity method is formulated (e.g. the Sobol
method assumes additive variances of individual effects
and thus should not exhibit this behaviour). Roughly
speaking, total sensitivity is derived through varying the
value of one factor at a time on a number of MC randomly
selected base points in the input factors space. Higher order
sensitivity is derived through structured sampling
patterns.

It is very desirable to quantify higher order effects, such
as interaction between parameters in order to understand
the full model complexity. However, it can be debated
whether higher order effects, however estimated or com-
puted, make ‘sense’. Saltelli et al. [53] point out that it is
not possible to compute higher order effects for non-
orthogonal input factors without significant additional
assumptions (see also [28]). Therefore, for many physi-
cally-based flood inundation models, or indeed for most
environmental models, it is impossible to derive a ‘correct’
covariation/interaction matrix. Channel and floodplain
friction can be used as an example to illustrate this prob-
lem: Knight and Shiono [32] have shown that the complex
interactions between a floodplain and a channel result in a
complex covariance/interaction structure between channel
and floodplain friction. However, most inundation models
are calibrated on inundation extent or on single point
hydrographs. Neither of these sources of data can give
enough information about the complex interaction struc-
ture driving the model behaviour, be it in terms of covari-
ance or other more sophisticated mapping techniques. For
example, Hunter et al. [26] illustrate that if one calibrates
inundation models against single extent images there is a
trade off between values of channel and floodplain friction.
Even if additional information on velocity structures
within the flow domain could be made available, many
inundation models would struggle to incorporate that
structural information due to, for example, model scale
issues. Measured and predicted velocities will not necessary
be directly commensurable. In fact, if it would be possible
to unambiguously constrain an inundation model on such
local data, model equifinality [5,7] would vanish, at least in
the case of a perfect model (for a discussion see [6]).

2.2. Defining sensitivity

Many reviews of sensitivity analysis methods have been
conducted (see for example [14,16,20,23,31]). Some of them
explicitly highlight the advantages and disadvantages of
various methods and provide very good summaries of this
topic (the reader is especially referred to [23,22]). Although
none of these deal with flood inundation models directly,
they contain conclusions which are applicable for the flood
modelling community. For example, Frey and Patil [20],
amongst others, state that different SA methods can lead
to a difference in ranking of importance of model factors.
Saltelli et al. [53] have argued that ‘importance’ or ‘impor-
tance measures’ (the way sensitivity is measured) should be
defined at the stage of framing the analysis (called different
SA settings). Such settings can also be linked to Type I and
Type II errors. If one is particularly interested in avoiding
Type I errors, then main effects and factors prioritisation
setting will be the target analysis. Alternatively, if Type II
errors are to be avoided, total effects and factor fixing need
to be considered.

Mokhtari and Frey [38] have introduced a decision tree
to choose a sensitivity analysis, similar to the one indepen-
dently derived for uncertainty analysis ([45] on www.flood-
risk.net). Kleijnen and Helton [31] as well as Frey and Patil
[20] have proposed that multiple methods should be used to
confirm the individual results. We will return to the issue of
choice and application of different SA methods as part of
the discussion of the results presented in this paper.

http://www.floodrisk.net
http://www.floodrisk.net


F. Pappenberger et al. / Advances in Water Resources 31 (2008) 1–14 3
3. Methods of global sensitivity analysis

All sensitivity methods which are applied in this paper
are based on the same sample of factors. The sampling
algorithm used is the replicated latin hypercube design
[53], which has been constructed using a replicated latin
hypercube design (two replicas and the base sample). It
has to be pointed out that the accuracy of the methodolo-
gies will depend on the efficiency of the sample to represent
the entire response surface. Areas which are not sampled or
are under-sampled will introduce errors in our analysis. As
most flood inundation models are known to be highly
nonlinear such an effect can be expected. A subset of all
available methods has been chosen, which represent meth-
odologies on a largely different theoretical basis. The selec-
tion is by no means complete and the reader is advised to
visit the quoted references for more detailed information.
All measures have been computed on the same sample to
ensure comparability.

3.1. Sobol – analysis

If the uncertainty of input factors can be approximated
by independent probability distributions, then sensitivity
indices can be related to the decomposition of the total
unconditional variance [56]. The decomposition can be
shown in an ANOVA like way:

V ¼
X

i

V i þ
X
i<j

V ij þ � � � þ V 1;2;3;...;n ð1aÞ

V i ¼ V ½EðY jX iÞ� ð1bÞ
V T i ¼ E½V ðY jX�iÞ� ð1cÞ

V is the total variance and E the expected value, Vi is the
variance contribution due to effects of the random factor
Xi. Y is the model response. Higher order terms show the
variance contribution between two or more random vari-
ables. Each partial variance is normalised with respect to
the total unconditional variance and allows sensitivity indi-
ces to be obtained:

Si ¼
V i

V
; 1 6 i 6 n

Sij ¼
V ij

V
; 1 6 i < n

Si;iþ1;...;n ¼
V i;iþ1;...;n

V

ð2Þ

Si is called the main effect and Sij the interaction effect be-
tween i and j. If the input factors are orthogonal, it is fur-
ther possible to interpret the total effect of i (total
sensitivity) as the sum of all terms of any order that include
Xi.

The total effect measure will not be considered in this
paper; instead, other measures that can rely on a cheaper
sampling scheme than Sobol’ total effects will be consid-
ered, with the aim of avoiding Type II errors.
3.2. Kullback–Leibler entropy

It has been argued that variance based methods rely too
heavily on the assumption that the second moment is suffi-
cient to describe the uncertainties and sensitivities encoun-
tered. These assumptions may be invalid if the distribution
is highly skewed due to nonlinear functions or inputs [35].
Krykacz-Hausmann [33] argued that sensitivity should be
measured as deviation of the factor distribution from being
uniform (if the factor has been sampled from a uniform
prior distribution). This is also exploited in methodologies
such as the dynamic identifiability analysis [58] and its
numerical expression by Horritt [24] in the form of an
entropy measure. Based on entropy, Liu et al. [35] pre-
sented an alternative approach, which is using the Kull-
back–Leibler entropy [34]:

DKLðpdf1jpdf0Þ ¼
Z 1

�1
pdf1ðyÞ � log

pdf1ðyÞ
pdf0ðyÞ

dy ð3Þ

where DKL is the Kullback–Leibler entropy, y the model
response, pdf0 the pdf of the response y = h(X) and pdf1

is the pdf of the response y = h(X1) due to changes in X1.
The further derivation of main and total effects is similar

to the Sobol methodology and is presented in Liu et al. [35].

3.3. Morris

Additionally, the method by Morris [39] is applied in
this paper. In this methodology the impact of changing
one factor (X1,. . .,n) at a time is evaluated in turn. This
impact (so called elementary effect of x1,. . .,n) is expressed
as the gradient of the response surface, between the factor
variations. The standard deviation (rM) of multiple ele-
mentary effects and the mean of the absolute of multiple
elementary effects l�M

� �
are measures for factor sensitivity

(an extension of the base Morris approach first proposed
by Campolongo et al. [13]). A high value of rM means that
the elementary effects relative to this factor are significantly
different from each other. In contrast, a low rM indicates
very similar values of the elementary effect implying that
the effect of the factor is almost independent of the values
taken by the other factors. In this paper, l�M is used as indi-
cator of the sensitivity. Campolongo et al. [12] show that
l�M is an excellent and cheap proxi of the variance based
total effect, in that it tends to provide similar factor rank-
ings. In particular it is very effective for screening purposes,
being robust to Type II errors in highlighting irrelevant
input factors.

3.4. Regionalised sensitivity analysis

The regionalised sensitivity analysis has been originally
developed in the context of environmental models by Spear
and Hornberger [57] and further developed by Beven and
Binley [9]. In later application the cumulative distribution
functions of sub-sets of the behavioural model space (all
models which reproduce the evaluation data acceptably)
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are compared and the spread is an indication of the sensi-
tivity. Spear and Hornberger [57] combine this with a Smir-
nov test, which allows a numerical specification into three
sensitivity classes. In this original form, the method has
many global as well as local properties (for more details
follow the arguments of Saltelli et al. [53, p. 155]). This
paper uses the total area of the spread as indicator of
sensitivity.

3.5. Regression

Regression can be used to identify linear and monotonic
patterns between distributions. The usage of regression in
Fig. 1. Description of the Alzette catchment in Luxembourg. The location of
marked.
sensitivity analysis has been discussed by for example Kleij-
nen and Helton [31] and indirectly by Pappenberger et al.
[46]. In this paper, we compute the Spearman rank correla-
tion coefficient between the model factor and the model
response.

3.6. Uncertainty in sensitivity analysis

All sensitivity analysis methods are subject to uncer-
tainty as they are estimated on a limited sample. Several
of the methodologies, which are used in this paper have
methods to estimate the uncertainties (for Sobol see for
example [52]). However, this paper tries to compare these
the stage recorder (bridge Lintgen) and the location of the high water are



Table 1
Model factors and sampling range of the factors in this study after [47]

Factors Sampling
range

Input rating curve

Representative 1–20
(integer)

Main model region

Manning roughness channel 0.01–0.1
Manning roughness floodplain (always higher than

channel roughness)
0.01–0.2

Theta (weighting parameter of the numerical scheme) 0.6–1.0

Downstream boundary

Manning roughness (channel and floodplain) 0.01–0.1
Initial slope at downstream boundary 0.0005–0.05

All factors have been sampled from a uniform distribution and have to be
understood as effective factors.

Table 2
Evaluation data and method of Alzette catchment after [47]

Name Brief description Evaluation method

Maximum water
level

Measurements of eight
maximum water levels

Fuzzy membership
function at each of the
eight locations

Hydrographs Stage hydrographs
measured at the bridge
location in Lintgen

Nash–Sutcliffe
efficiency, mean
absolute errors (see e.g.
[42])

Travel time Travel time of flood peak
from upstream to
downstream boundary

Fuzzy membership
function

The table shows the name of each performance measure with a brief
description. The evaluation method are described in more detail in the text
and in [48].
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measures and thus a common approach to estimate the
uncertainty in sensitivity analysis has been applied via
bootstrap sampling. For this, each measure has been com-
puted 1000 times on a random sub-set of 80% of the sam-
ple. The size of this bootstrap sample can have an effect on
the further analysis but tests with different percentages
revealed similar patterns. The percentiles of this Monte
Carlo analysis can be used to approximate the uncertainty,
although, only a complete sample of the response surface
(or of the representative features) will present the true sen-
sitivity for each measure.

3.7. Model and region

The reach is on the River Alzette (Luxembourg), which
is approximately 10 km long and in which the river mean-
ders gently across a floodplain that ranges from approxi-
mately 250 m to 1 km in width (see Fig. 1 and [47] for
more details). Cross-sectional surveys which include infor-
mation on both channel width and depth were available at
74 locations along the reach. Upstream stage measure-
ments are routinely recorded and allow the estimation of
approximate upstream hydrographs via rating curves. A
medium scale (1 in 5 years) flood event took place in Jan-
uary 2003. Discharge at Lintgen peaked at around
67 m3 s�1.

A one-dimensional unsteady flood inundation model
(HEC-RAS) has been used to model this region, based
on 74 cross-sections. The model has been simplified and
only two different ‘roughnesses’ are used to represent the
floodplain and the channel. Any structures, such as bridges
(see [46,47]), within the flow domain have been ignored for
simplicity of argument in this paper.

The uncertainty analysis in this paper is embedded into
the generalised likelihood uncertainty estimation frame-
work, which consists of running repeated simulations of a
model using a range of values for each, uncertain, input
parameter and evaluating each simulation. The models
are then classified into behavioural and non-behavioural
and a weighting of each behavioural simulation computed
by rescaling the performance measure. The sensitivity anal-
ysis was then carried out only on the behavioural set, since
these are the models of greatest interest. The division into
behavioural and non-behavioural reduces the initial
sample.

The uncertainty in the upstream boundary (inflow) has
been derived from an uncertainty analysis from which 20
representative rating curves have been chosen (see [47]).
The uncertainty for the downstream boundary could not
be implemented in the same way as the upstream bound-
ary due to a lack of data. Therefore, a looped rating curve
which uses the simplified form of the momentum and
Manning’s equation has been applied. The friction slope
is derived at each time step between the two most down-
stream cross-sections. The uncertainty in this boundary
condition has been evaluated by applying additional
roughness values to the last two cross-section, which are
varied independently from all other cross-sections. Table
1 lists the factors which are used as calibration factors
in each model implementation. All factors have to be
understood as effective factors which compensate for
model deficiencies in the model structure and input data.
For example bed roughness is a resistance coefficient that
accounts for bed shear, form drag by vegetation and
obstacles as well as compensating for the one-dimensional
model structure, which approximates the real three-
dimensional phenomena, and errors in the representation
of upstream inputs and floodplain topography and infra-
structure. The factors considered in the SA exclude topog-
raphy, which can be an important factor in obtaining
good predictions of inundation [61] but which has been
fixed here for all model runs.

GSA should be always performed on conditioned model
simulations (the behavioural set of models in this study).
The model is an imperfect representation of reality and
needs to be constrained on evaluation data where suitable
data are available. Several data sets are available for the
Alzette catchment to evaluate model performance from
which a sub-set has been chosen here to illustrate the sen-
sitivity issues (Table 2). Most of the evaluation methods
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are based on fuzzy membership functions. Fuzzy member-
ship functions can often be described by the same number
of parameters as for example variance based methods
(assuming one uses a cut-off to restrict values towards infin-
ity). However, fuzzy memberships have the advantage to
define areas of constant performance and have more flexi-
bility in shapes. The exact evaluation procedure has been
described in detail by Pappenberger et al. [47].

The following description of the measures is taken from
Pappenberger et al. [47].

3.7.1. 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.

3.7.2. Hydrographs (water level)

The hydrographs have been evaluated with two different
functions: Nash–Sutcliffe efficiency [40] and mean absolute
errors at the location of the stage recorder at Lintgen.

3.7.3. Travel time

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 values
have been chosen to reflect the incommensurability error
and the precision of the measurements.

The shape and range of the fuzzy performance measures
has been chosen to reflect the measurement and commen-
surability error. The reader is referred to Pappenberger
et al. [47] for a more detailed discussion. The study by Pap-
penberger et al. [47] demonstrated that the model is capable
of reproducing the performance measures used
individually.

4. Results

The results have been separated into three parts. In the
first part, the difference between the various sensitivity
measures is illustrated and discussed. In the second part,
the impact of uncertainty on these sensitivity measures is
shown and the last section highlights the management
decisions which can be derived from a combined sensitiv-
ity index. This type of SA produces a large number of
sets of results (no. of sensitivity methods · no. of evalua-
tion methods · no. of uncertainty runs) and the discus-
sion is consequently restricted to the most important
examples.

4.1. Influence of the sensitivity method

In Fig. 2, we compare different sensitivity measures to
demonstrate a change in ranking of importance in this
flood inundation example. The Sobol index and the Kull-
back–Leibler entropy based index are compared for the
hydrograph at Lintgen (mean absolute error measure).
The absolute value of each analysis has been converted
into ranks for comparison purposes. On the horizontal
axis the ranks for the entropy measure are shown and
on the vertical the ranks for the Sobol methodology are
displayed. The shaded rectangles (in five categories) repre-
sent the percentage by which these ranks overlap for each
bootstrap sample. Taking the top-left hand sub-plot (input
magnitude) as an example >75–100% of all implementa-
tions achieved a rank of importance of 2 for both mea-
sures. For the outflow roughness (bottom left sub-plot)
>25–50% of simulation have achieved an importance rank
of 4 for the entropy and an importance rank of 3 for the
Sobol measure. Each column and row also displays the
total percentage out of the total number of simulations
that achieved that rank.

Overall, Fig. 2 suggests that the input magnitude is the
second most important factor for this evaluation measure
at Lintgen. The ‘channel roughess’ exhibits a less clear
picture with no overlapping percentage over 25%, but a
large percentage of runs being ranked as 1 with the Sobol
index. Although, 31% are also ranked 1 with the entropy
measure, the method also leads to 29% of the bootstrap
simulation being ranked as 5. The entropy measure does
include some interaction effect (in ‘Sobol’ definition
terms’), which can explain this discrepancy. A similarly
incoherent picture is displayed for the floodplain rough-
ness which is ranked at 4 with 50% by the Sobol method
but has a less peaked distribution of ranks when the
entropy measure is used. ‘Theta’ has an overall large per-
centage of simulations in the lower ranks, but does follow
the previous two factors in respect of the results of the
ranking of the entropy distribution. The outflow rough-
ness factor is ranked 3 and upwards for both methods
and the ‘initial slope’ is at ranks 4 and 5 for both
methods.

This type of figure is useful for understanding which fac-
tors are less or more important, however, it also clearly
shows that simulations can be ranked quite differently
when the different methods are applied. This problem is
complicated by the fact that it is possible to use different
performance measures for the evaluation of this
hydrograph.

In Fig. 3, the Nash–Sutcliffe measure is used and a
ranking matrix displayed. The rank distributions in this
plot have much clearer peaks (as expected for a Nash–
Sutcliffe measure based on the sum of squared errors in
comparison to an absolute error criteria), but do not
always agree. The entropy method indicates that the
‘input magnitude’ is the most important factor in contrast
to Fig. 2. An interesting difference from Fig. 2 is seen in
the results for the ‘channel roughness’, which is now con-
sidered to be most likely only on scoring rank 5 for the
Sobol measure (compared to rank 1 in Fig. 2). The
entropy measure clearly indicates a higher importance of



Fig. 2. Comparison of the Sobol index and the entropy based index for the hydrograph at Lintgen (absolute error measure). On the horizontal the ranks
for the entropy measure are shown and on the vertical the ranks for the Sobol methodology are displayed. The shaded rectangles (in five categories)
represent the percentage by which these ranks overlap for each bootstrap sample. It can be seen that the ranks achieved with both methods not always
agree.
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this parameter (ranks 2 or 3). The importance of ‘flood-
plain roughness’ has not changed significantly from the
previous graph. However ‘theta’ is seen as a very unim-
portant factor for the Sobol index as well as the entropy.
‘Outflow roughness’ is still predominantly unimportant
but shows an additional peak at the higher ranks. A sim-
ilar effect has been observed in one-dimensional models
elsewhere [44] and is probably explained by a backwater
effect. In fact such models should be classified as unbeha-
vioural as they are not representative to the hydraulic
understanding of this event (no such large backwater
effect has been observed). Similar behaviour can be
observed for the ‘initial slope’ factor. This illustrates that
performance measures should not be used alone to clas-
sify models into behavioural or non-behavioural, but have
to be supported by a closer analysis of the model results.
In summary, the figure demonstrates the large dependency
of the sensitivity analysis on the chosen performance
measures.

4.2. Effect of uncertainty in the sensitivity measure

The previous example already highlights the consider-
able uncertainty in the estimation of any sensitivity. The
uncertainty of the sensitivity measures evaluated in this
paper is purely based on an incomplete representation of
the response surface (bootstrap sample) and thus does
not present the full uncertainty. The full sample obviously
represents the best estimate of the response surface, how-
ever, the bootstrap approach chosen in this paper takes
account of that by randomly choosing a sub-set of the sam-
ples defining the response surface. This is further illustrated



Fig. 3. Comparison of the Sobol index and the entropy based index for the hydrograph at Lintgen (Nash–Sutcliffe measure). On the horizontal the ranks
for the entropy measure are shown and on the vertical the ranks for the Sobol methodology are displayed. The shaded rectangles (in five categories)
represent the percentage by which these ranks overlap for each bootstrap sample. It can be seen that the ranks achieved with both methods not always
agree and are different from Fig. 2.

Fig. 4. Box and whisker plot of the Spearman rank correlation coefficients
at Lintgen (Nash–Sutcliffe measure) computed for each sub-sample. The
box has lines at the lower quartile, median, and upper quartile values. The
whiskers are lines extending from each end of the box to show the extent
of the rest of the data. The uncertainty ranges are very large, however, the
channel roughness shows clearly to be the most important parameter
(despite large uncertainties).
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in Fig. 4, which plots the range of Spearman rank correla-
tions computed at each sub-sample (at the Lintgen station).
The correlation is computed between the Nash–Sutcliffe
measure and the parameters.

As in the previous example, the computed values can
vary widely and indicate that values can be significantly
correlated – or not. Depending on the sample efficiency
and non-linearity of the response surface the variations
can be larger or smaller. Best practice dictates that one
should keep sampling until a stable sensitivity value is
reached (see [44]), however, due to a lack of resources such
as computer power this may always not be possible. This
highlights that it is essential to indicate the uncertainty of
the sensitivity measure.

Plot 5 is another additional example of how this uncer-
tainty can be quantified. In this plot, the results of the Mor-
ris sensitivity analysis for the travel time are displayed. A
high value of rM means that the elementary effect relative
to this factor is significantly altered by changing the base
point for computing elementary effects in the input factors
space. In contrast, a low rM indicates very similar values of
the elementary effect implying that the effect of the factor is
almost independent of the values taken by the other fac-



Table 3
Percentage of ranks of each factor after the regional sensitivity analysis
method for the travel time evaluation criteria

Factor Rank

1 2 3 4 5 6

Input (%) 5 90 5 0 0 0
Channel roughness (%) 95 5 0 0 0 0
Floodplain roughness (%) 0 0 0 93 0 7
Theta (%) 0 0 0 7 10 83
Outflow roughness (%) 0 0 0 0 90 10
Initial slope (%) 0 5 95 0 0 0

Input and channel roughness achieve the largest percentages at the ranks 1
and 2. The floodplain roughness is dominantly seen as the 4th most
important factor. Theta and the outflow roughness are seen as the least
important factors. The initial slope is predominantly ranked on 3rd place.
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tors. l�M is the average of absolute values of the elementary
effect as explained earlier (see Section 3).

It is not necessarily the case that every method has large
uncertainties associated with it, for example, the regional
sensitivity analysis has a lower variance than all other
methods (see Table 3). This is explained by the fact that
a sub-sample does not change the cumulative distribution
function of the parameters vs. the evaluation to a large
extent. The sensitivity to uncertainty in the response sur-
face can be seen as an advantage or disadvantage, depend-
ing on the application.

In Figs. 4 and 5 and Table 3, the channel roughness is
the most important factor, but with significant uncertain-
ties. The edges of the distributions of the uncertainty in
the sensitivities can overlap and ranking can change. It
must be pointed out that these findings do not contradict
in principle, they are merely outcomes of different defini-
tions of sensitivity and interacting effects. In fact, one can
Fig. 5. Results of the Morris analysis of the travel time. This figure
displays the mean of the absolute elementary effect l�M

� �
and the standard

deviation of multiple elementary effects (rM). The higher the absolute
elementary effect the more important is the parameter. The absolute
elementary effect is closely related to the total Sobol index.
utilize the strength of each method to get a better under-
standing of the model and data. For example, Fig. 5 high-
lights the fact that all parameters have an effect on the
output with more or less interaction (positive absolute ele-
mentary effect). This outcome is similar to the usage of
multi-objective evaluation criteria in hydrological model-
ling [19] and can be embraced in a similar way (see next sec-
tion on distribution of resources).

4.3. Utilizing the variability in uncertain sensitivity rankings

All methods define sensitivity in different ways and
thus can lead to different importance rankings. However,
in many situations it may be still necessary to derive deci-
sions from these distributions in order to concentrate
research or resources on the most important parameters.
There is a wealth of literature to include uncertainties
(which can include the uncertainties of importance) into
any decision making process. However, this is not the
focus of this paper and we refer the reader to references
such as Ben-Haim [4] or Yang et al. [62]. In this paper
we simply demonstrate the possibility by computing an
average sensitivity measure based on the different ranks

over all the computed sensitivity analyses performed.
We further assume that any average rank higher than
3.5 is too low to be considered in decisions about the dis-
tribution of any additional resources available. We explic-
itly ignore the possibility that the results of the various
sensitivity measures might be correlated, since we wish
similar rankings to be reinforced in the calculation of
an overall measure.

In Fig. 6, this averaging (see section above) has been
done for the maximum water levels. The most important
parameters throughout the region for the maximum water
levels are boundary conditions (‘inflow magnitude’ and
‘manning outflow’) and the ‘channel roughness. At loca-
tion 2, ‘theta’ is also of importance, which is probably
explained by the fact that this location is subject to insta-
bilities. The downstream boundary condition becomes
important from location 4 onwards, although it would
not be considered as important for future research efforts
if the analysis concentrates on locations 5 and 7. Pappen-
berger et al. [47] had similar results for a sensitivity anal-
ysis along the cross-sections of the model for remotely
sensed observations. However, the factor ‘theta’ did not
show any importance, which is due to the different eval-
uation measures (presenting different hydrological
regimes).

These pie charts would be an aid in the optimal prioriti-
sation of resources for research or flood management to
reduce uncertainty in model factors. One could for example
select those parameters which are relevant for all stations
or compute the average over all stations (see Table 4).
Table 4 indicates that it is important to define clearly the
aim of any further studies and that any global improve-
ment due to increased understanding of any parameter, is
not necessarily reflected locally.



Fig. 6. Importance of the six factors along the locations of the maximum water mark. The higher the percentage the more impact will research and better
knowledge of this parameter have to constrain the uncertainties in the model output.
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Table 4
Importance of the six factors for all locations of the maximum water mark

Parameter Manning floodplain Inflow magnitude Manning channel Theta Manning outflow

Importance 16.25 33.25 37.5 3 10

The higher the percentage the more impact will research and better knowledge of this parameter have to constrain the uncertainties in the model output.
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5. Discussion

The main source of uncertainty in the determination of
sensitivity is in the non-linearity of interactions between
factors as reflected in the response surface for a given per-
formance measure. Even with unrestricted computer
power and a model with low CPU requirements, any
model without a simple analytical solution will have some
areas of unknown response. The question this raises is
whether we really need such detailed model response
investigations or if a relatively uncertain approximation
would be sufficient. Some methods such as the computa-
tion of the Sobol main effect will be most likely insensitive
to non-detected peaks in the surface (if the rest of the
response surface is sampled adequately). However, flood-
ing is very often affected by local phenomena such as
overtopping of a dyke, which may affect only a small pro-
portion of the factor space. The question is then whether
the resources spent on getting a better estimate may be
more efficiently invested in acquiring more data to
improve the model representation. In any real application,
both approaches to improve predictions have to be used
together and iteratively. The collection of data leads to
a model with uncertainties, the investigation of the sensi-
tivities and uncertainties of that model should lead to a
refined measurement campaign, which in turn leads to a
new and improved model set-up. This is a form of the
learning process about places described by Beven [8].
Unfortunately, in the case of predicting flood inundation,
such an iterative cycle may be difficult to achieve as
extreme events such as floods are rare.

Multi-method global sensitivity analysis can be used as
exploratory tool. It gives an improved understanding of
the model and an insight into which model parameters
are important thus gives a deeper insight into the pro-
grammed structure. Moreover, it can be directly used to
improve estimates of model uncertainties by sampling the
important areas of the response surface more efficiently.
For example the generalized likelihood uncertainty estima-
tion framework [7] requires the identification of behav-
ioural model simulations. There are two ways to classify
models as behavioural or non-behavioural: either based
on a model performance, which could include soft data
[55] or by declaring certain model simulations as physically
not realistic and inconsistent with our conceptual under-
standing of the system. Sometimes, such inconsistencies
are not apparent and can only be revealed by a sensitivity
analysis. For example, if a factor is revealed as being
important, when it clearly should not be, then this would
be inconsistent with our conceptual understanding even
if, as the analyses presented here show, such inconsistencies
may be difficult to quantify in the absence of adequate
data. In our study the initial slope of the downstream
boundary condition seems to have an unduly high influence
on the travel time (Fig. 5) and suggests that further inves-
tigation into the implementation of this boundary condi-
tion should be performed.

6. Conclusion

GSA is a valuable tool in understanding flood inunda-
tion models and deriving decisions on strategies to reduce
model uncertainty. In this paper, a sensitivity analysis of a
one-dimensional flood inundation model (HEC-RAS) on
the River Alzette has been presented. It is impossible to
define sensitivity in a unique way and different methods
can lead to a difference in ranking of importance of model
factors. In this paper we applied five different methods
(Sobol, K–L entropy, Morris, regionalised sensitivity
analysis and regression) and compared the outcomes on
selected examples. It could be shown that for example
that the Sobol’ method and the entropy based method
can lead to different ranking of importance of the param-
eter factors. This is complicated by the fact that different
evaluation measures can lead to a difference in ranking,
too. This paper further investigates the uncertainty in
the estimation of the sensitivity measures based on a
bootstrap sample. It can be shown that there is consider-
able uncertainty in the determination of the sensitivity
indices. The response of two of the referees of this paper
was to suggest that it should be enhanced with a critical
and rigorous analysis of the different sensitivity analysis
methods to show the advantages and disadvantages of
each method. Our results suggest, however, that such an
analysis is not really possible. The different methods are
simply different. They just reveal different things about
the nature of the highly complex interactions in the model
space. This is because the number of input factors consid-
ered is small and there is none of them which is insignif-
icant, i.e. each of the input factors included in the analysis
has some effect on the model behaviour, with considerable
interactions between factors. Each measure considered in
the paper weights differently various aspects of the inter-
action structure.

This has the following implications on some of the
methodologies applied:

1. Sobol’ main effects: these ignore interactions, so it has to
be expected that its ranking might differ form any other
measure considered here, in particular channel rough-
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ness seems involved in strong interactions which are not
apparent in the estimated main effects, using the Nash–
Sutcliffe performance measure.

2. The main value of the Morris method in screening can-
not be appreciated here, since there is nothing to screen
in this model; while the actual ranking of the factors
having non-negligible effect on the output (all factors
here) is often quite uncertain.

3. Entropy measure seem the least robust, where by initial
slope has similar probability of being ranked 2 or 6.

4. RSA is not particularly sensitive to uncertainty in the
response surface and this is surely an advantage; how-
ever, the statistical power of the Smirnov statistics is
not so strong in defining rankings among factors with
similar Smirnov statistics (see e.g. [63], where the num-
ber of important factors identified by Smirnov is always
smaller than those of other measures: ‘‘Overall ANOVA
and Sobol’s method were shown to be superior to RSA
and PEST. Relative to one another, ANOVA has
reduced computational requirements and Sobol’s
method yielded more robust sensitivity rankings’’).

There is an analogy here with similar arguments in the
assessment of model uncertainties (e.g. [36,37,7,10,11]). If
environmental models do not conform to the constraints
of the assumptions of a formal analysis (as is the case
with the flood inundation explored here), then how best
do we assess the information content of data in testing
sensitivities and estimate the uncertainties of the models
we use.

Saltelli et al. [53, p. 49] have addressed this issue and
the consequent argument that if different ordering of the
factor importance arises through the application of dif-
ferent SA methodologies, why bother doing SA at all?
They suggest that the discrepancies between methods
are a result of having an ill-posed SA question. Refining
the definition of the setting, they suggest, will resolve the
discrepancy. They consider two settings: factor prioritisa-
tion and factor fixing. Factor prioritisation is defined by
the question of which factors one should concentrate on
first (e.g. by getting a better understanding of the uncer-
tainty ranges) in order to reduce the uncertainty in the
output most. In factor fixing the aim is to determine,
which factor can be fixed without affecting the model
output significantly (for more details see [50]). Saltelli
and Tarantola [54] advocate measures of the main effect
for the first setting and measures of the total effect for
the second.

Within the setting of the equifinality thesis, however, it is
evident that this is a simplification of the sensitivity issue.
The possibility of necessarily recognising multiple accept-
able models also implies that local sensitivities might deter-
mine which combinations of parameter values and other
factors produce acceptable results, and that these local sen-
sitivities and factor interactions might vary through the
model space. This is one reason why different methods pro-
duce different sensitivity rankings of the factors. In essence,
neither local sensitivities alone, nor global sensitivities can
totally reflect the non-stationary complexities of the inter-
actions that produce acceptable models. In real applica-
tions, the different methods can only be a guide, to be
used with care and circumspection. Here, a simple method-
ology to incorporate the uncertainty in the sensitivity eval-
uations in a decision making process is presented. While, it
will not generally be possible to give a unique answer to the
specification of sensitivities and we still have to explain the
distribution of factor sensitivities to the end-users of our
model. Such a framework should ideally be embedded into
a code of practice for modelling (see [43] for an example).
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