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It is the goal of remote sensing to infer information about objects or a natural process from a remote loca-
tion. This invokes that uncertainty in measurement should be viewed as central to remote sensing. In this
study, the uncertainty associated with water stages derived from a single SAR image for the Alzette (G.D.
of Luxembourg) 2003 flood is assessed using a stepped GLUE procedure. Main uncertain input factors to
the SAR processing chain for estimating water stages include geolocation accuracy, spatial filter window
size, image thresholding value, DEM vertical precision and the number of river cross sections at which
water stages are estimated. Initial results show that even with plausible parameter values uncertainty
in water stages over the entire river reach is 2.8 m on average. Adding spatially distributed field water
stages to the GLUE analysis following a one-at-a-time approach helps to considerably reduce SAR water
stage uncertainty (0.6 m on average) thereby identifying appropriate value ranges for each uncertain SAR
water stage processing factor. For the GLUE analysis a Nash-like efficiency criterion adapted to spatial
data is proposed whereby acceptable SAR model simulations are required to outperform a simpler regres-
sion model based on the field-surveyed average river bed gradient. Weighted CDFs for all factors based on
the proposed efficiency criterion allow the generation of reliable uncertainty quantile ranges and 2D
maps that show the uncertainty associated with SAR-derived water stages. The stepped GLUE procedure
demonstrated that not all field data collected are necessary to achieve maximum constraining. A possible
efficient way to decide on relevant locations at which to sample in the field is proposed. It is also sug-
gested that the resulting uncertainty ranges and flood extent or depth maps may be used to evaluate
1D or 2D flood inundation models in terms of water stages, depths or extents. For this, the extended GLUE
approach, which copes with the presence of uncertainty in the observed data, may be adopted.

� 2008 Elsevier Ltd. All rights reserved.
1. Introduction

Due to the distributed nature of its data, the large spatial cover-
age and the temporal frequency of data acquisition, remote sensing
is believed to have the potential to solve many problems in many
fields of environmental science. For hydrology for example, it may
solve issues of scale and data scarcity in the spatial as well as tem-
poral domain; it may redefine our knowledge of processes due to
an increase in data availability and information; it may indicate
areas where to model differently or where to measure more fre-
quently; it may disclose new information and thus lead to an im-
proved understanding of the behaviour of a system or process.
Briefly, remote sensing may be considered, and has been so by
some authors [39,7,16,47,19,1], as a solution to many problems
in hydrology.
ll rights reserved.
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humann).
Review papers on integration of remote sensing and hydrology/
hydraulics exist within the literature [46,9,32,38,33,2]. However,
to date, only relatively few studies have integrated remote sensing
and hydraulics. Most notable studies used remote sensing, in par-
ticular synthetic aperture radar (SAR) due to its all-weather and
day and night capabilities as well as the specular reflection of
microwaves from open smooth water bodies, to evaluate 1D
[23,17,29,42] or 2D [30,17,8,4] flood inundation models. Most of
these studies use the generalised likelihood uncertainty estimation
(GLUE [12]) framework. The extended GLUE approach [11] ac-
counts for uncertainty in both the model and observation data. It
has also been successfully demonstrated that remote sensing can
be used to derive useful spatial 3D flood information, such as flood
extent and depth maps [24,44] which may be integrated with
models to improve their hydraulic functioning [43]. Other studies
have utilised SAR to improve flood risk assessment through
hydraulic modelling [29].

Major issues, such as incommensurability in data and scale, dif-
ficulties in data and image availability, a long and sometimes
exhaustive processing chain of remote sensing data products prior
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to information retrieval as well as the large amount of uncertainty
associated with estimated variables from remote sensing, hinder
the integration of remote sensing with hydrology or hydraulics.
In brief, with remote sensing being a proxy for so many environ-
mental variables, different knowledge and skills are required to
make most use of it. The associated uncertainty with such proxy
is probably one of the most important factors in the field of remote
sensing and geographical information science and has been a ma-
jor topic in both these fields for over a decade [5,6,49]. Uncertain-
ties may arise from the quality of appropriateness of the data used
to describe the system, from aggregation (temporal and spatial)
and simplification as well as from lack of data and approximation
[36].

In this context, it is important to establish the information con-
tent for constraining models if all sources of uncertainty are
acknowledged and incorporated. As a prerequisite of this, it is nec-
essary to estimate the uncertainty and try to constrain it most
effectively. According to Rotmans and Asselt [36], new knowledge
on complex processes may reveal the presence of uncertainties
that were previously unknown or were understated. In this sense,
it is important to associate some level of uncertainty with the new
information derived from remote sensing. This has been attempted
in a flood inundation study by Schumann et al. [42] who have tried
to estimate the uncertainty in water stages from SAR imagery
resulting from inaccuracies in flood boundary position. They have
used that information to evaluate an uncertain flood inundation
model within an extended GLUE framework [11], which copes with
the presence of uncertainty in the observed data.

As an extension of the first part of the study by Schumann et al.
[42], it is the aim of this study to propose a methodology for
assessing and estimating the uncertainty associated with water
stages from a simple flood model based on remote sensing process-
ing [44]. Uncertainty is defined, expressed and viewed in many dif-
ferent ways throughout the literature. This study focuses on the
uncertainty resulting from a lack of knowledge about model
parameters and their values. This kind of uncertainty may be par-
ticularly important when models of any kind are derived from re-
mote sensing [6,15].

Model uncertainties may be estimated in many different ways
(see [37]). The GLUE procedure mentioned earlier accounts for er-
rors in both the model and observation data. It is a paradigm for
evaluating complex environmental models that favours the con-
cept of ‘equifinal’ parameter sets over the ‘optimum’ parameter
set [13]. From a prior distribution of feasible model parameters
multiple simulations are performed and evaluated with some data
according to some likelihood or performance measure. A reason-
able threshold definition based on the modelled system in question
decides on the acceptability of a model simulation. From this
‘behavioural’ posterior distribution of parameters, cumulative dis-
tribution functions (CDFs) may be generated for the model output
based on the likelihood of acceptability. The outcome of GLUE is an
estimation of the model output uncertainty as a result of parame-
ter uncertainty.

It is worth noting that GLUE is by no means perfect (e.g., the of-
ten subjective choice of a threshold value of some likelihood mea-
sure, i.e., the ‘cutting-off’ of the model parameter space to generate
the posterior distribution; the absence of a formal statistical likeli-
hood measure; all uncertainty is related to parameter uncertainty;
not really giving the predictive uncertainty of the model) and has
been subject to discussion recently [20,14,21]. Nonetheless, it is a
widely used and easy-to-implement technique which allows con-
straining and estimating model uncertainty related to uncertain
model parameters and seems therefore suitable for this study.
Moreover, Beven et al. [14] show that the arguments on which
the discussion of Mantovan et al. [20] is based are ill-defined. In
most real world cases, particularly in flood inundation studies,
the definition of formal likelihoods is hardly possible, as it requires
assumptions about the nature of errors that are rarely known or
justified.

During a first stage, appropriate bounding [26] of important SAR
flood model processing parameters is undertaken (i.e., setting an
appropriate interval for parameter values) and the model output
uncertainty is estimated within a GLUE framework. Thereafter,
constraining of this uncertainty is attempted by introducing spa-
tially distributed field water stages one at a time. This stepped
GLUE procedure allows (a) to assess the value of each individual
field-recorded water stage to constrain SAR water stage uncer-
tainty and (b) to determine whether all field water stages are
needed to achieve maximum constraining thereby implicitly
addressing the following question: ‘Where and how much would
we need to sample in the field to achieve successful model uncer-
tainty constraining most efficiently?’.
2. Study site and available data

2.1. Study site

The uncertainty associated with water stages from a single SAR
flood image is estimated for a 10 km reach of the Alzette River
north of Luxembourg City (G.D. of Luxembourg) which experienced
a high magnitude flood event in early January 2003 (Fig. 1). The
Alzette catchment has an area of 1175 km2, of which the study
reach drainage area represents 34% (404 km2). It is characterised
by a relatively large and flat floodplain compared to most of the
rest of the river, which cuts through steep, narrow valleys. The
reach floodplain has an average width of approximately 300 m.
The stream channel has an average depth of around 4 m and an
average slope of 0.08%. The villages along this stretch have been
subject to frequent flooding in the past two decades. The investi-
gated flood event of January 2, 2003 has a return period of five
years with a peak discharge of 75 m3 s�1.

2.2. Available data

The event was acquired by the ASAR instrument onboard the
ENVISAT satellite at the time of flood peak with C-band (5.3 GHz)
in VV-VH mode and an incidence angle of 35� (Fig. 1). SAR, the
wavelengths of which are reflected away from the antenna by
smooth water bodies, seems especially promising for flood disaster
management due to its all-weather as well as day and night capa-
bility, which is particularly useful in areas of rapid flood recession.
The spatial ground resolution of the acquired ASAR image is 25-
30 m, which has been downscaled to 12.5 m in pixel resolution
using multi-look filtering [28].

Also, during a field campaign, several evenly distributed water
stages were collected in the field (Fig. 1). Field water stages were
also automatically recorded at three bridges. Moreover, a 2 m
LiDAR DEM with a vertical accuracy of 15 cm was assembled for
the floodplain and supplemented with ground-surveyed evenly
spaced river channel cross sections. The DEM corresponds to a bare
ground DEM after removal of individual buildings, structures and
occasional high vegetation. The LiDAR was flown in late winter
and thus deteriorating effects commonly caused by short grass or
pasture (which is the main cover type of the study area) are as-
sumed negligible.
3. Methodology

This section briefly outlines how water stages can be derived
from a single remote sensing flood image and describes the differ-
ent steps involved in the estimation of the uncertainty associated



Fig. 1. Study site showing the ASAR VH flood image as well as the location of surveyed field water stages with associated chainage from the downstream boundary condition.
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with those water stages. Notice should be given here that knowl-
edge about parameters is defined by upper and lower bounds on
‘plausible’ (see Section 3.2.1 for further explanation) value ranges
for the different model parameters. Parameter bounding is thought
appropriate in this study given the simple structure of the remote
sensing model [26]. The bounds set in this study are a function of
the SAR image processing complexity to merely avoid irrealistic
model outputs from an image processing perspective. After esti-
mating water stage uncertainty within a GLUE framework, field
water stages are added one at a time to constrain the uncertainty
using a stepped GLUE approach.

3.1. Deriving water stages from single flood imagery

A known technique to derive water stages from a single flood
image is to extract the heights from a high resolution DEM at the
flood extents [27]. However, as SAR is often a preferred mode of
acquisition during a flood event, given the specular reflection of
open water bodies resulting in dark tones on the image, but the
imagery suffers from considerable distortion [34], having to cope
with uncertainty in height extraction at the often blurred flood
boundaries is inevitable. Accounting for most of these uncertain-
ties, Schumann et al. [44] proposed a Regression and Elevation-
based Flood Information eXtraction model (REFIX) that applies
linear, piecewise linear or non-linear regression modelling to the
extracted water heights. For the 2003 Alzette flood, they suggested
a simple linear regression equation (1) to reliably model the water
surface slope and to estimate water stages at 55 cross sections
along the river, in an upstream to downstream direction and per-
pendicular to the direction of flow. The reported root mean
squared error (RMSE) accuracy was as low as 0.18 m. Although,
the REFIX model is a simple river stage model and so might only
be valid for simple stream networks, it has been demonstrated that
these data can be successfully used to generate flood depth maps
and improved flood extent maps [44]. Moreover, the remotely
sensed water stages can be employed to evaluate flood inundation
models within a GLUE framework [42] or to improve the function-
ing of such models [43].

The REFIX regression model for the Alzette reach as proposed by
Schumann et al. [44] is of the form

HR ¼ a � dþ b ð1Þ

where HR is the REFIX modelled water stage in m above sea level, d
is the downstream distance along the stream centreline in m, a is
the regression slope (m/m) and represents the average gradient of
the water surface and b is the regression intercept (m), i.e., the up-
stream boundary condition in SAR water stage. It is worth noting
that the regression coefficients are not set by field data but are con-
ditioned on the SAR water stages extracted at the flood boundaries
of river cross sections drawn perpendicular to the direction of flow.

In this study, the REFIX model is applied to estimate water
stages along the Alzette reach for the 2003 flood with the aim to
estimate the associated uncertainty.

3.2. Spatial patterns of remotely sensed water stage uncertainty

It is now well established that uncertainty may be quantified
using a Monte Carlo technique [37] such as GLUE. This involves
comparison with field data and the definition of some performance
measure threshold above which model outputs are acceptable
[12,13,11]. Setting a threshold (or behavioural definition) allows
the different REFIX model outputs to be qualified as behavioural,
B, if the REFIX performance does not exceed that threshold, and
non-behavioural, B, otherwise. As the REFIX output is distributed



Table 2
Values set for factors kept unchanged during the OFAT analysis

Uncertain factor Value

XG 1–2 Image pixels
XF 5 � 5 Frost filter window
XT 130 on the greyscale
XE A vertical precision of ±0.15 m
XS 55 River cross sections
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in space, its associated uncertainty can be estimated and visualised
spatially.

3.2.1. Performing multiple model simulations
Five different input factors (or REFIX processing parameters) are

considered as contributing most to the uncertainty of the water
stage output:

� geolocation accuracy, XG, i.e., the positional accuracy of the
image on the ground;

� image filter window size, XF, i.e., the size of a moving window,
given by the number of pixels, used to remove random noise
(speckle) in a SAR image (see ‘salt and pepper’ effect on the dark
water areas in Fig. 1);

� image thresholding value, XT, the value on the image greyscale
used to classify areas as flooded;

� vertical precision of the DEM (assessed by adding random errors
of a given variance to the DEM values), XE;

� number of river cross sections at which water stages are derived,
XS, i.e., number of data points for regression modelling.

It is worth noting that the uncertainty level of the regression
model in terms of its parameters (slope and intercept) is not exam-
ined in this study. Uncertainty of the regression parameters may be
expressed by confidence limits which can be easily and more di-
rectly calculated using the sum of the squares of the residuals from
the regression and Monte Carlo analysis is thus not needed. More-
over, an autocorrelation test as well as a test on the order of resid-
uals from the regression model used by Schumann et al. [44]
suggest that a linear model is indeed the most adequate equation
for the Alzette reach. Furthermore, it is expected that the SAR
water stage uncertainty associated with the above listed factors
will encompass the regression parameter uncertainty.

For each input factor, an appropriate range of values is chosen
from which a large number of REFIX simulations are performed
within a Monte Carlo environment (Table 1). It is worth noting that
the resulting uncertainty values are modelled using Monte Carlo
simulation and a particular sampling design (see Table 1). The
one-factor-at-a-time (OFAT) sampling design used in this study is
in itself an ‘intuitive uncertainty reduction’, in the sense that only
plausible REFIX simulations are considered and highly irrealistic
ones (e.g., a geolocation inaccuracy of more than eight image pixels
is hardly likely or an irrealistic flood masking value close to white
on the greyscale sampling range) are omitted. Table 2 gives the val-
ues of the factors that remained unchanged when varying only one
factor at a time during the OFAT analysis. As only one factor is var-
ied at a time, the order of the factor variation is negligible. Hence,
factor interactions cannot be detected and would therefore require
additional investigation. The values listed are those used by Schu-
mann et al. [44]. More details on these values can be found in their
paper.

Another point worth noting is that although the Monte Carlo
analysis setup for most factors is self-explanatory, the geolocation
error (or flood boundary position uncertainty) is modelled using an
automated Monte Carlo-based algorithm proposed by Schumann
Table 1
Range of values for uncertain input factors

Uncertain
factor

Variable (unit) Value
range

Value
increment

Number of REFIX
simulations

XG Distance (m) [�100,100] Random 5000
XF Window size (pixels) [3,35] 2 17
XT Greyscale value (DN) [80,160] 10 9
XE Variance (m) [0.01,0.3] 0.005 59
XS Number of river

cross sections
[2,55] 1 54
et al. [40] that performs a high number of shifts of remotely sensed
flood boundaries in each geographical direction. In this study, an
ASAR image subset constrained to the flooded area extracted using
the same image processing values as in Schumann et al. [44] is
shifted 5000 times in each of the four geographical directions by
a random amount up to 100 m. The starting position of the multi-
ple image shifts is given by the left and right intersection marks be-
tween each of the 55 river cross sections (drawn perpendicular to
the stream centreline [44]) and the LiDAR DEM. In other words, the
X coordinate together with the corresponding Y coordinate of every
mark along the flood extents are moved to the East (+n m) or West
(�n m) and to the North (+n m) or South (�n m), respectively. So,
each image shift is composed of a pair of X- and Y-coordinate shifts.

3.2.2. Setting an acceptability criterion
Defining an objective and appropriate model acceptability

threshold within GLUE is not an easy task [11]. There are many dif-
ferent ways this can be done. The easiest way is probably to (sub-
jectively) define an adequate model performance value above or
below which models are retained or rejected. Justifying the ade-
quacy of this choice is for obvious reasons hardly possible. Another
way to decide on acceptable models is to set observational uncer-
tainty limits inside which model simulations are required to fall
(this can be done using fuzzy measures [23,30] or minimum and
maximum bounds [42] within, e.g., the extended GLUE approach
suggested by Beven [11]). Although the extended GLUE approach
has the advantage of making the ‘choice’ of the limits of acceptabil-
ity more objective, it is rather difficult to set appropriate uncer-
tainty limits for observations, and again these are likely to be
prone to a great deal of subjectivity. It is worth noting that subjec-
tivity in choosing thresholds may be impossible to avoid but may
be justified and adequate, as it is most often based on experience
and knowledge.

As an extension to the extended GLUE, a benchmark model
could be defined as an improved threshold against which to com-
pare model outputs. In rainfall–runoff modelling this kind of com-
parison is implicitly applied when using the Nash–Sutcliffe
efficiency criterion, where model outputs are tested against the
mean of the observations over a certain time period to be accept-
able (where acceptability may be defined as >0 [18] with 1 being
a perfect fit). In this context, Seibert [45] calls for alternative
benchmarks in hydrological modelling and proposes to simply sub-
stitute the mean of observations in the Nash criterion by some
other kind of benchmark (for runoff modelling, Seibert [45] sug-
gests e.g., a long-term seasonal variation instead of one constant
value, or the observed runoff shifted by several time steps). In this
study, this acceptability approach is adopted and the Nash effi-
ciency is reformulated in Eq. (2) for the space domain rather than
the time domain by comparing the spatially distributed water
stages from the REFIX to those generated by a benchmark model
for the 2003 Alzette flood:

Ebench ¼ 1�
Pn

i¼1ðHOi
� HRi

Þ2
Pn

i¼1ðHOi
� HBi

Þ2
ð2Þ

where Ebench is the proposed efficiency criterion, HO is the water
stage observed in the field in m above sea level at river cross section
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i, HR is the REFIX modelled water stage and HB is that given by the
benchmark model in Eq. (3). It is worth noting that the measure
proposed by Seibert [45] is for time series, whereas in this study
Ebench is used for comparing data over space.

A suitable benchmark model for the studied reach is defined as
a linear regression model that uses only the water stage measured
at the upper boundary and the surveyed average river bed gradient
(�0.08%). A very similar simple model has been successfully ap-
plied by Wang et al. [48] using gauged upstream and downstream
water stages to infer the flow gradient. Reliable trends of a river
gradient may even be reliably derived from coarse resolution DEMs
(e.g., SRTM DEM) as demonstrated on the same Alzette river reach
by Schumann et al. [41]. It is worth noting that HB in Eq. (2) can be
obtained from any other type of appropriate benchmark just as
easily as HR may be modelled with another type of flood model
(e.g., 1D or 2D hydrodynamic model). The benchmark model equa-
tion used in this study for the 2003 Alzette flood is of the form

HB ¼ �0:0008 � dþ 226:31 ð3Þ

where HB is the water stage in m above sea level simulated by the
benchmark model, the slope of the regression model is the surveyed
average river bed gradient (�0.08%) in m/m and the regression
intercept is the upstream boundary condition and is represented
by the water stage automatically recorded at the bridge at
10,300 m (Fig. 1). This simple model has a root mean squared error
(RMSE) of 48 cm when compared to all field water stages. To recall,
the benchmark model used for evaluation with Eq. (2) is purely field
based whereas the SAR model in Eq. (1) is purely remote sensing
based.

Although Schumann et al. [44] have shown that the REFIX mod-
el performs much better than the simple benchmark model (18 cm
compared to 48 cm), weighting a SAR-based flood model against
this simple field-based benchmark allows to highlight the
following:

� A single SAR or other remote sensing flood image combined with
a high resolution DEM provides useful and accurate information
about hydraulic variables.

� Water stages derived from a single remote sensing flood image
provide additional information to water stages simulated using
gauged water stages at the boundary condition in combination
with the surveyed average river bed gradient.

� The distributed nature of remote sensing may be regarded as an
additional source of hydraulic information to be used in con-
junction with other models when no spatially distributed field
data are available.

3.2.3. Estimating SAR water stage uncertainty
During a first stage of the analysis, the uncertainty associated

with SAR water stages is estimated within a GLUE framework using
a weighting of 1 for all REFIX model simulations from the plausible
parameter ranges. Then, during a second stage, after definition of a
behavioural threshold, each simulation from the feasible parame-
ter space can be classified into behavioural and non-behavioural
outputs using Eq. (2). According to Ebench a REFIX model simulation
is accepted if it is a better predictor of water stages than the bench-
mark model (Fig. 2), compared to the field water stages in Fig. 1. In
other words, during the stepped GLUE analysis all REFIX simula-
tions with a performance value 6 0 are rejected. A stepped version
of GLUE is adopted to assess the uncertainty constraining power of
each water stage recorded in the field.

All acceptable outputs are weighted according to their perfor-
mance and a cumulative distribution function (CDF) is then gener-
ated. This technique is also used within the GLUE framework to
assess the uncertainty of environmental models and allows the
derivation of uncertainty quantiles from the generated CDF. In
hydraulic modelling, for example, 2D or even 3D maps may be pro-
duced from these quantiles to visualise the uncertainty associated
with flood extent (2D) and/or depth (3D).

This procedure is applied to the REFIX model in this study to al-
low for the quantification as well as visualisation of the uncer-
tainty associated with remote sensing-derived water stages and
flood extents and depths. Water stage uncertainty will be repre-
sented graphically as a range delimited by the 5th and 95th quan-
tiles of the water surface lines whereas flood extent and depth
uncertainty will be visualised by generating 3D maps of the 5th
and 95th quantile. The maps are produced in a GIS environment
following the REFIX mapping procedure [44], whereby water
stages at each river cross section (in this study, these will be the
water stage uncertainty values for each cross section) will be used
to generate a triangular irregular network (TIN) mesh of the water
surface of the flooded reach. As a final processing step, this TIN is
subtracted from the DEM to derive flood extent and depth.

4. Results of the uncertainty analysis

This section reports the results of the quantitative assessment
of the uncertainty associated with the REFIX model output. During
a first analysis stage, plausible parameter bounds for uncertain
model factors are determined and used to generate multiple REFIX
simulations that are all equally weighted in a GLUE analysis. Dur-
ing a second stage, field data are introduced to the analysis one by
one using the proposed Ebench efficiency criterion (Eq. (2)). Thereaf-
ter, all acceptable simulations (Ebench > 0) are performance
weighted to estimate and visualise the uncertainty of remotely
sensed water stages.

It is important to note that a very specific water stage sampling
plan for the field has been assumed for the stepped GLUE analysis
and reflects the most likely approach in an ‘intuitive’ sampling
campaign. Within the reach there are two bridges other than the
one positioned at the upstream boundary at 10,300 m (Fig. 1).
The latter, however, cannot be added as a singleton to the analysis,
as the benchmark model is conditioned on that gauged water stage
(and so, according to Eq. (2), all REFIX simulations will inevitably
be rejected when using this measured water stage). The automat-
ically-gauged water stages at the two remaining bridges would of
course be used first before attempting any additional sampling in
the field. It was also assumed that the bridge furthest downstream
would be added to the analysis first, so as to keep water stages
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more or less evenly distributed over space when constraining RE-
FIX model uncertainty. After the two bridges have been added,
sampling in the field would probably start at the lower boundary
condition of the reach before moving gradually upstream the river
gradient whilst ensuring sampled water stages are at equidistance.

Before assessing the uncertainty of the REFIX model, an appro-
priately large number of simulations were performed for each
uncertain input factor using the defined parameter value ranges
(Table 1). Uncertainty was estimated within a GLUE framework
using a uniform performance value weighting of 1 for each simula-
tion. The results are shown in Fig. 3a which plots the 5th and 95th
uncertainty quantiles. As can be seen on the graph, uncertainty in
SAR-derived water stages assuming no prior knowledge about SAR
image processing is large, with 2.8 m on average. This uncertainty
was considerably reduced to 0.6 m on average by introducing in a
step-wise manner field water stages to the analysis and by weight-
ing the simulations each time to the benchmark model conditioned
on field observations (Eq. (3)).

Actual errors of the SAR-based model, which are potentially
interesting, can be given by an RMS accuracy between the best
0 2000 4000 6000 8000 10000
215

220

225

230
a

0 2000 4000 6000 8000 10000
215

220

225

230
c

0 2000 4000 6000 8000 10000
215

220

225

230
e

0 2000 4000 6000 8000 10000
215

220

225

230
g

Upstream distance along

W
at

er
 s

ta
ge

 (
m

 a
sl

)

Bridge at 7618 m

Fig. 3. The 5th and 95th uncertainty quantile ranges as well as the location and num
modelling. Graphs show uncertainty with no field data constraining, i.e., assuming no
constraining with two (b), three (c), four (d), five (e), six (f), seven (g), and all eight (h) field
estimate (median value) and the field water stages. A target value
range may be defined by the uncertainty in field stages, set at
[10 cm,30 cm] by Schumann et al. [43]. Comparing the constrained
median (Fig. 3d) to the remaining four field stages not used in the
constraining gives an RMS accuracy of 13 cm, which is situated
close to the lower bound of the target range. Comparing the uncon-
strained uncertainty median (Fig. 3a) to all water stages in the field
gives still a reasonable value of 47 cm, although outside the target
range. This illustrates clearly the utility of field data (to constrain
uncertain data sets) but at the same time also highlights the poten-
tial of remote sensing in case of no field data.

All field water stages have been added according to the design
sampling plan described earlier and uncertainty constraining re-
sults for the REFIX model following the stepped GLUE procedure
are shown in Fig. 3, graphs b–h. As a final step of the GLUE proce-
dure, the 5th and 95th percentiles in Fig. 3 are taken to create
uncertainty maps in terms of flood extent following the REFIX flood
extent and depth mapping procedure [44]. Fig. 4 shows flood ex-
tent uncertainty maps before and after constraining REFIX model
uncertainty with field water stages.
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Fig. 4. Flood extent uncertainty maps of the 95th and 5th quantiles for SAR water
stage uncertainty assuming no prior knowledge about remote sensing processing
(no field data constraining) (a) and maximum constraining achieved with only
three out of seven additional field stages (b).
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Fig. 5. Constraining SAR water stage uncertainty by adding field data. (N.B. Adding
more than three field water stages does not have any additional constraining
effect.)
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From the graphs b–h in Fig. 3 it is difficult to see how many field
water stages are necessary to achieve maximum constraining and
where these water stages were recorded in the field. This informa-
tion is provided in Fig. 5, which plots the constraining power of
each additional water stage in terms of percentage of models ac-
cepted. From the plot in Fig. 5 it is obvious that adding only the
water stage gauged at the bridge most downstream, uncertainty
of the REFIX model is drastically reduced (>70%). Adding the
remaining bridge does nearly lead to maximum constraining. Only
the location most downstream has additional very minor con-
straining power but reducing the number of acceptable models
by only additional 0.39% may be negligible.

The fact that only water stages gauged at the bridges (one up-
stream at 10,300 m, one at 7618 m and one downstream at
4418 m) are necessary to achieve maximum constraining of the
SAR model uncertainty is primarily due to a combination of the lin-
earity of the reach in hydraulic terms (Fig. 2) and the structure of
the REFIX model. The linear regression of the REFIX model only re-
quires one water stage at approximately the upper boundary and
one at the lower boundary of the reach to be well conditioned,
whilst the third bridge does merely fine-tune the regression model.
Moreover, it was shown that the REFIX easily outperforms the
benchmark model and so additional water stages are unnecessary
to achieve a (moderate) performance of only >0, which is the
acceptability threshold in this study. It is worth noting though that
when searching for higher model performances, additional water
stages are expected to be necessary. However, this could eventu-
ally lead to all models being rejected (see [42]).
Constraining uncertainty allowed not only to assess the value of
each additional water stage sampled in the field but also enabled
identification of appropriate values for each uncertain REFIX pro-
cessing factor that provides adequate model performance. Fig. 6
plots all model simulations for each uncertain model input factor
before and after maximum uncertainty constraining.

In order to increase its performance, the REFIX model reacts
strongly to the geolocation accuracy (XG), the size of the edge-pre-
serving (Frost) filter window (XF) and the image thresholding value
(XT). This is not surprising, as these factors are considered crucial
parameters in a SAR image processing chain. In flood mapping,
they determine the positional accuracy of flood boundaries which
is crucial when overlaying these with a DEM to model water
stages. Different geolocations as well as different greyscale flood
masking values may change the position of the flood boundaries
dramatically with adverse effects on water stage estimations. Also,
an inappropriate filter window size, particularly larger ones, even
with an edge-preserving filter [22] has deteriorating blurring ef-
fects on flood boundaries and as a result positional accuracy is de-
creased. The number of cross sections (XS) used to model water
stages with remote sensing seems far less important. The quasi-lin-
ear behaviour of the investigated reach may be reliably approxi-
mated by a linear regression model conditioned on only very few
data points (Fig. 2). The vertical precision of the LiDAR DEM (XE)
seems also less important. Relatively small errors in this data set
are smoothed out by the regression and so a moderate variation
in LiDAR precision (up to 30 cm maximum) does not alter the
regression line considerably. For a sensitivity study on DEMs with
coarser resolutions, both in the vertical and horizontal dimensions,
see the study by Schumann et al. [41].

Identified appropriate values for the three most sensitive REFIX
processing factors for the 2003 Alzette flood are (preferably):

� XG: an accuracy of <50 m (i.e., 2 ground resolutions). It is worth
noting here that changes in the Y coordinate (in flow direction in
this study) are much less impacting on the results of a SAR-
based 1D flood model than changes in X, due to the S–N orienta-
tion of the floodplain (minor changes in X may very rapidly
result in considerable changes in elevation values extracted at
the flood boundaries with possible adverse effects on model out-
put, especially if these positional changes are near suddenly
sloping terrain [24]).



Fig. 6. Scatterplots on the left show all the REFIX simulations with the corresponding Ebench values for each uncertain input factor: XG (a); XF (b); XT (c); XE (d); XS (e).
Scatterplots on the right show all REFIX simulations that are retained after maximum constraining with field water stages has been achieved.
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� XF: an edge-preserving filter window size of either 5 � 5 or 7 � 7
image pixels.

� XT: a greyscale threshold value between 130 and 150.

It is noteworthy that although a relatively large number of RE-
FIX model simulations were accepted for XG, XE and XS even after
maximum constraining with field data, constraining the value
ranges of these three parameters further may become very impor-
tant when higher performances (i.e., Ebench approaching 1) of the
model are required. So, for example for the XG factor, Schumann
et al. [40] recommend a geolocation accuracy of <1 ground resolu-
tion to achieve a REFIX RMSE of <20 cm when evaluated with field
data. In addition, it is clear that for the XE factor, a DEM with very
low errors in the vertical should be used to get to that kind of REFIX
accuracy [44] and also the number of river cross sections used in
the regression model, i.e., factor XS, becomes more important to
achieve a better REFIX performance.

Although the results presented here are specific for the ASAR-
VH image acquired over the Alzette, the methodology proposed
to estimate the uncertainties associated with remote sensing-de-
rived water stages can easily be applied to another data set
elsewhere.

5. Discussion

This section will discuss two major points: (i) the value of addi-
tional field data locations to constrain model uncertainty and (ii)
using the uncertainty bounds to some meaningful end.
5.1. The value of additional field data locations

Constraining the uncertainty associated with water stages mod-
elled from a single SAR flood image by introducing field data using
a stepped GLUE approach has enabled to assess the value of each
additional water stage location in the field. It has been argued that
a combination of the hydraulic complexity or simplicity of a reach
and the structural properties of the REFIX or model topology deter-
mine the value of additional water stage locations. Thus, the value
of each water stage location is expected to change with another
model structure and also with a different performance (or likeli-
hood) measure. Although this is particularly important for events
that experience considerable backwater effects or for rivers where
hydraulically 2D water stages are more important during floods
(i.e., for events or river reaches with an increased hydraulic com-
plexity), it is worth noting that this is expected to a much lesser ex-
tent for the Alzette flood event investigated due to the linear
behaviour of the field water stages during this particular event
(Fig. 2) that may be reliably approximated by a simple linear
regression model. However, for events of higher magnitude with
significant backwater effects, the additional water stage locations
in this study that had no constraining power for this particular
event may prove important.

The findings of the stepped GLUE procedure implicitly suggest
the need of a strategic sampling plan for field water stage locations.
A possible sampling guidance could be that water stage locations
need to be tied to the structural properties of the model and the
evaluation criterion used and the nature of the reach under inves-
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tigation (a similar suggestion is made by Schumann et al. [42]).
This means that it is crucial to recognise that a ‘point of diminish-
ing returns’ [10] is associated with field data or any other type of
data used for model uncertainty constraining. Given simplification
and thus imperfection of models, there is always a threshold be-
yond which gathering more data for evaluating a given model will
prove unnecessary. From this, it may be concluded that the first
step of any modelling exercise would be to select an appropriate
model type and performance measure or objective function that
meet the needs of the user [35]. Thereafter, the model requires
adequate evaluation data, the amount and spatial allocation of
which is defined by the model topology. Furthermore, it could be
that there is simply not more information content when sampling
beyond a certain number of locations due to the nature of the re-
gion or event. Thus, the sampling design has to be optimum not
only for the model but also for the area and expected event. In this
context, the entire model selection and evaluation exercise is a
continuous process between modeller and user [35].

In the case of the Alzette 2003 flood event, it has been shown
that a very simple linear model may already be sufficiently appro-
priate to the user and so only limited field data (two marks at the
model boundaries and one additional for fine-tuning) are required
to evaluate the model and to achieve sufficient uncertainty con-
straining using a fit-for-purpose model acceptability threshold. It
is clear that the REFIX model may be inadequate for representing
dynamic flood processes in the floodplain but is certainly highly
valuable to describe flood characteristics at a certain point in time
(i.e., at the time of image acquisition) and in areas where no other
model or data source is available [41]. Associating an adequate le-
vel of uncertainty with the REFIX model output is necessary to gain
additional knowledge on model topology, value, credibility and on
the information it conveys. Also, for evaluating uncertain flood
inundation predictions from better performing hydrodynamic
models, constrained REFIX uncertainty quantiles are believed to
be useful [42]. Important to note is that a similar uncertainty con-
straining study could be performed with any other, more dynamic
model that would be more suitable for river reaches or events of
higher hydraulic complexity.

5.2. Making use of the SAR water stage uncertainty bounds

There is very little doubt that remote sensing will increasingly
be used to monitor, map or model environmental processes from
space [19]. Consequently, there will be a growing demand for
appropriate evaluation of such data and estimation of the associ-
ated uncertainties. The literature on integrating remote sensing
observations with other types of models is expanding rapidly. As
a contribution, this study has attempted to examine the ‘quality’
of water stages derived from a remote sensing flood image.

On the one hand, the estimated SAR water stage uncertainty
helps both the modeller and the user to establish some additional
knowledge on model topology and also impacts upon the model
credibility. On the other hand, the derived uncertainty intervals
can be used to evaluate uncertain flood inundation predictions from
hydrodynamic models [42]. A possible further extension to the ex-
tended GLUE procedure for evaluating flood inundation models
may be to generate and convert flood depth uncertainty maps (as
those produced in this study) into a flood depth probability map
expressing levels of ‘certainty’ in flood depth estimation using a lin-
ear function (where 1 equals total agreement between the 5th and
the 95th uncertainty percentiles and 0 where they disagree largest).
This enables a weighting scheme for a fuzzy membership function
[23,31,11] to evaluate hydrodynamic models. This could be further
augmented by defining a split fuzzy membership function that com-
bines this weighting scheme with one for distance to the channel.
This allows the modeller to concentrate specifically on model per-
formance in urban areas that are (often) located along the edges
of a flood. However, this requires the development of a spatial per-
formance measure that is sensitive to and targeted at subtle changes
in flood depth/extent mapping. The feasibility of such an evaluation
scheme is currently being investigated.

Another use of the SAR water stage uncertainty intervals could
be that of assimilation in hydrodynamic models using sequential
re-initialisation or ‘hard’ updating as proposed by Matgen et al.
[25] or Kalman filtering techniques as applied by Andreadis et al.
[3]. An ensemble Kalman filter could be conditioned on the remote
sensing observed water stage uncertainty at each location along
the stream.
6. Conclusion

It is clear that assessing the magnitude of uncertainty of some
estimate is needed to (a) associate some level of accuracy with that
variable with some degree of certainty, (b) better understand the
way such data are derived, and (c) use that quantification to some
meaningful ends. In this study, the uncertainty associated with
water stages derived from a single SAR image for the Alzette
(G.D. of Luxembourg) 2003 flood was assessed using a stepped
GLUE procedure.

Main uncertain input factors to the SAR processing chain for esti-
mating water stages include geolocation accuracy, spatial filter win-
dow size and image thresholding value. Initial OFAT results showed
that even with plausible parameter values uncertainty in water
stages over the entire river reach is in the order of 2 m. Adding spa-
tially distributed field water stages to the GLUE analysis following a
one-at-a-time approach helped considerably reduce SAR water
stage uncertainty down to more or less half a metre (the median
RMSE is as low as 13 cm), thereby identifying appropriate value
ranges for each uncertain SAR water stage processing factor. For
the GLUE analysis a Nash-like efficiency criterion adapted to spatial
data was proposed whereby acceptable SAR model simulations are
required to outperform a simpler hydraulic model based on the
field-surveyed average river bed gradient. Weighted CDFs for all fac-
tors based on the proposed efficiency criterion allows the genera-
tion of reliable uncertainty quantile ranges and 2D maps that
show the uncertainty associated with SAR-derived water stages.

The stepped GLUE procedure demonstrated that not all field
data collected are necessary to achieve maximum constraining. A
possible efficient way to decide on relevant locations at which to
sample in the field would be to tie field data locations to the mod-
el’s structural properties and the model acceptability criterion cho-
sen, which in turn depends on the model performance required by
the modeller or user. It is suggested that the resulting uncertainty
ranges and flood extent or depth maps may be used to evaluate 1D
or 2D flood inundation models in terms of water stages, depths or
extents. For this, the extended GLUE approach, which copes with
the presence of uncertainty in the observed data, may be adopted.
Also, the uncertainty associated with SAR water stages could be
used to condition an assimilation scheme for remote sensing-ob-
served water stages.
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