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[1] We develop a probabilistic model to estimate the rate of flood-induced losses for a set of
properties distributed over a large geographical region (e.g., a portfolio of insured properties
within a country). The use of detailed physically based models over large areas becomes
difficult due to the vast amount of data needed and the high implementation cost. The
proposed model allows one to incorporate results from such detailed models but can also be
used in regions that have not been studied in much detail. Minimal required information
includes the rate and spatial extent of severe precipitation, the topography and river network
from which regions at risk of flooding can be identified, and information on historical floods
with an approximate delineation of the flooded area, and associated aggregate losses for at
least a few major events. An application to river flood loss from residential buildings in
Belgium is presented.

Citation: Van Dyck, J., and P. Willems (2013), Probabilistic flood risk assessment over large geographical regions, Water Resour.
Res., 49, 3330–3344, doi:10.1002/wrcr.20149.

1. Introduction

[2] Flood risk considers both the frequency of flood
occurrences and their consequences at a given location or
within a given region. The flood risk is statistically fully
characterized by a flood risk curve that shows the annual
frequency with which a metric of the flood consequences
exceeds different levels [Jonkman et al., 2003]. When eco-
nomic loss is considered, flood risk is often summarized by
the expected annual loss that corresponds to the integral of
the product of monetary flood loss with the derivative of
the flood risk curve [Jonkman et al., 2003; Apel et al.,
2004, 2008; Hall et al., 2005; Merz and Thieken, 2009].

[3] Information on flood risk is needed for diverse appli-
cations including operational flood risk management, land-
use planning, and flood insurance [Plate, 2002; Kok et al.,
2002]. In many of these applications, it is sufficient to con-
sider how the annual expected loss varies with different
flood mitigation options [Hall and Solomatine, 2008, and
references therein]. Knowledge of the complete risk curve
can be however useful (i.e., for comparison with actual
losses in the past) and is sometimes necessary (i.e., to deter-
mine capital requirements to cover large losses and decide
on the need and price of reinsurance).

[4] The evaluation of flood risk is complex and particu-
larly challenging when the properties at risk are many and
are distributed over large geographical regions, for example,
all residential buildings or all the properties covered by an in-
surance company in a country. The assessment of this risk is

the problem considered here. Probabilistic flood risk assess-
ment is the subject of various recent projects (e.g., FLOOD-
site, see http://www.floodsite.net, or ConHaz, see Green
et al. [2011]) and has been considered by many others. The
following is merely a brief outline of different approaches
that is primarily intended to highlight the motivation for the
development of the present methodology. The referencing to
work by others is by no means exhaustive or up to date.

[5] A flood risk study generally encompasses an evalua-
tion of hazard and vulnerability (e.g. Bonnin, 1995; Kron,
2002; Apel et al., 2004). The hazard assessment concerns
the frequency estimation of initiating events (e.g., extreme
rain storms). The vulnerability assessment combines the
following two aspects: (i) the susceptibility of the region to
flooding (e.g., the probability and the spatial extent of the
flooding in the region given the initiating event) and (ii) the
loss assessment of the exposure (e.g., the number, location,
type and value of properties within the region) for a given
flood condition.

[6] The last step is an important one, but conceptually
the approach used by different authors is similar. The expo-
sure can be exactly known but is more often based on a
spatial redistribution of aggregate numbers (e.g., the num-
ber of properties per municipality) using land-use informa-
tion and a redistribution over different property types and
values using regional statistics. The loss for a given inunda-
tion depth is usually based on observed losses in past floods
for different types of properties [Morrow, 1999; Penning-
Rowsell and Green, 2000; Van der Veen and Logtmeijer,
2005; Few, 2006].

[7] The method of evaluating the hazard and susceptibil-
ity differs more substantially as it may be accomplished in
various ways, depending on how the initiating events are
defined. The choice of method is usually governed by data,
time, and budget limitations [Connell et al., 2001; Noman
et al., 2001].

[8] One approach is to determine the rate of different
flood conditions directly from historical records and flood
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maps. This method is rarely feasible because in most areas
historical flood events are poorly documented and lack spa-
tial detail [Townsend and Walsh, 1998; Colby et al., 2000;
Connell et al., 2001]. This is especially true in regions that
are only seldom flooded. In other cases, flood control sys-
tems may have been put in place, limiting the usefulness of
earlier records [Helms et al., 2002].

[9] The alternative approach that is most often used is to
combine meteorological or hydrologic information with
physically based models to describe downstream flooding.
Within this approach, there are many variants. One may
start with a statistical characterization of river stage and
model only river dike/embankment overtopping and flood-
plain hydrodynamics. Alternatively, one may start from
catchment runoff and also model river hydrodynamics, or
start from rainfall and antecedent conditions and further
include catchment hydrology in the model. Starting from
variables more downstream in the hydrologic cycle (e.g.,
river stage) has the advantage that mathematical modeling
is kept to a minimum, but the historical record on such vari-
ables may be too short or not representative of current con-
ditions if, as mentioned earlier, physical or operational
changes have taken place over time [Fleming, 2002; Hunt,
2002; Milly et al., 2002; Tu et al., 2005]. By contrast, long
good-quality records of meteorological variables such as
rainfall are available in many areas and can be used under
any current or hypothetical catchment condition. This is
why our proposed methodology starts from a stochastic
characterization of extreme rainfall. The evaluation of the
susceptibility then concerns relating the flood condition at
each point in the region to the rainfall.

[10] When detailed information is available on catchment
topography, land use and soil type, river bed geometry, hy-
draulic regulation, and floodplain conditions, physically
based models can produce accurate estimates of flooding
from rainfall input. In spite of their cost, such models are
being increasingly used by water authorities for flood man-
agement and forecasting of specific river basins and subba-
sins [Willems et al., 2002; Wermer, 2004; Pender and Neelz,
2007; Cunha et al., 2011; Van Steenbergen et al., 2012].

[11] The annual expected loss in a large region (e.g., Bel-
gium) can be obtained by summation of the annual expected
loss obtained from such models for different river basins and
does not require an integrated model for the entire region. To
estimate the flood risk curve, one would however need access
to the various physically based models (which may be devel-
oped by different organizations, as is the case in Belgium)
and integrate them into a single global model to account for
the correlation of the losses in the different basins during
extreme rainfalls over a large region. Even if such an inte-
grated detailed model can be developed, the CPU time of a
single run would be very high and leave little room to investi-
gate the sensitivity of the result to changes in exposure (e.g.,
different insurance portfolios) or model parameters.

[12] A common approach to overcome the problem of
computation time is to construct a model that replaces the
different steps in the calculation chain by simpler probabil-
istic models. Apel et al. [2004, 2008] developed such mod-
els consisting of simplified model components associated
with the different components of a typical flood process
chain: from precipitation, runoff generation and concentra-
tion in the catchment, flood routing in the river network,

possible failure of flood protection measures, and inunda-
tion to economic damage. They parameterized these model
components based on the results of the detailed physically
based models and used them for the risk and uncertainty
analysis in a Monte Carlo framework. Dawson et al. [2005]
proposed a method for calculation of the flood risk based
on response functions with the loadings, dike resistance,
floodplain topography, and the spatial distribution of flood-
plain assets. These functions were calibrated to simulations
with a detailed physically based model.

[13] The methodology presented here also follows a sim-
pler probabilistic approach but makes the drastic simplifi-
cation that the flood condition at different points in the
region is directly related to rainfall, thus eliminating sev-
eral complicated steps in the computation chain. The rela-
tion can still be calibrated to results obtained from detailed
physically based models, when available, but can also be
calibrated to match with past observations of flooding for
regions where no detailed modeling is available. While the
methodology is specifically set up to estimate the flood risk
curve within large geographical regions (e.g., moderate-
size countries), it can also be applied at the city or river-ba-
sin scale. Variants of the methodology have been devel-
oped for riverine, sewer, and coastal flooding, although the
focus here is exclusively on riverine floods.

[14] Schematically, our assessment of the frequency of
flood losses concatenates the following probabilistic
submodels:

[15] (a) the identification of potentially flooded regions
(referred to here as ‘‘flood risk zones’’ (FRZs));

[16] (b) the rate of meteorological events of different se-
verity and spatial extent (hazard) ;

[17] (c) the extent of flooding and depth of inundation
for each FRZ as a function of meteorological event severity
(susceptibility) ;

[18] (d) the number and location of properties at risk
within each FRZ and the loss they contribute under a given
meteorological event (exposure);

[19] (e) the spatial association of flooding in different
FRZs and the loss from the entire region for a given mete-
orological event.

[20] The combination of the rate of the events in (b) with
the probabilistic description of the total loss in (e) that is
obtained for each event then defines the flood risk curve.
Sections 2–6 provide details on the various submodels and
their calibration to data. Section 7 shows an application to
all residential buildings in Belgium, followed by a critical
discussion of the methodology in section 8 and concluding
remarks in section 9.

2. Geometry of Potentially Flooded Regions

[21] Within the large geographical region of interest R,
the risk of flooding is not uniform. There are areas that are
not prone to flooding under any conceivable circumstance.
For the subarea Z that could possibly experience flooding,
it would be very complicated to formulate and numerically
handle a continuous probabilistic model that includes all
possible flooding extents. This is why we introduce a much
simpler discrete model. The discrete model partitions Z in
a nested way into subregions with progressively more
uniform flooding conditions. Specifically, Z includes areas
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along rivers such as the associated floodplains; see Fig-
ure 1. To model partial flooding during a specific event
(e.g., when the embankment of a given reach of a specific
river is overtopped) and to account for differences in the
proneness to flooding of different areas, Z is partitioned
into a number of FRZs Zi, i ¼ 1; 2; . . . (Figure 1b). The
drainage basin that is responsible for the flooding of Zi is
denoted by Bi, and x

i
is a representative point of Bi, for

example, its centroid (Figure 1a).
[22] When the FRZs are still too large to be considered

uniformly at risk, each region Zi can be further partitioned
into sub-FRZs Zij, for example, based on topography and
distance from the river (see Figure 1c). The subregions
allow to model the progression of flooding within each
FRZ as the severity of the rainfall event increases. When a
sub-FRZ Zij floods, only part of its area may be inundated.
Without a detailed characterization of the hydrologic event
and a detailed hydrodynamic analysis, it is difficult to
assess the precise inundation pattern. However, for the
assessment of flood risk over large geographical regions,
this level of detail in description and analysis is not war-
ranted. Rather, we allow for epistemic uncertainty on the
actual inundation pattern by assuming that flooding is lim-
ited to a set of small ‘‘inundation units’’ (IUs) Zijk that are
randomly distributed inside Zij (see Figure 1d).

[23] The hierarchical geometry of this model is illustrated
in Figure 1. Notice that the proposed nested organization of
geographical regions into flood risk zones Zi, sub-FRZs Zij

and IUs Zijk is a powerful way to model the otherwise highly
intractable problem of (partly randomly) varying flooded
areas. The assessment of flooding conditions in the different
geographical units is described in section 4.

3. Characterization of Extreme Hydrologic
Events

[24] Having identified the regions at risk, the next step is
to describe the meteorological conditions that may lead to

flooding. In most regions, flooding can be caused by
extreme meteorological events with different spatial extent,
translational velocity, and other precipitation characteris-
tics. For example, in thunderstorms, heavy rainfall tends to
occur within convective cells of relatively small area (i.e.,
10–100 km2), whereas large frontal systems are character-
ized by the so-called mesoscale precipitation areas that
may be as large as 105 to 106 km2. Here we describe the
approach for a single storm type, for example, the frontal
storms that tend to dominate the large flood losses in north-
and central-western Europe (see section 7). The approach
can be readily generalized to multiple event types, by sepa-
rately modeling each storm type and adding their contribu-
tions to risk.

[25] The extreme meteorological events of a given type
are characterized by the recurrence rate �[storm] of
‘‘storms’’ (i.e., 20 would mean that one considers meteo
conditions that are exceeded on average 20 times per year
within the global region), the spatial region of heavy rain-
fall � (defined as the region where rainfall intensity and
persistence have the potential of producing flooding), and
the rainfall intensity variations inside �. Notice that � does
not refer to instantaneous storm conditions but to the spatial
and temporal extent of intense rainfall as the storm passes
over the region. The size of � and its shape depends on
storm translation speed, direction, and lifetime. Random
variations of � can be represented by a discrete distribution
P[�¼�r] of regions �¼�r, r ¼ 1; 2; . . . . that are covered
by rainfall. When a single characteristic storm direction
and size dominates the risk (see for instance, the case of
Belgium in section 7), the regions that need to be consid-
ered can be drastically simplified.

[26] To model the variations of rainfall intensity within
different regions �r, we consider the temporal average
rainfall Ii ¼ IðDi; xi

Þ over a duration Di at the different
locations x

i
that are considered representative of the

regions Zi. Note that for different Zi, different averaging
durations can be considered to reflect differences in
response time between the drainage basins associated with
each Zi.

[27] The marginal probability distribution of ½Iijxi
2 �� is

easily determined if the intensity-duration-frequency (IDF)
curves are known at each location. The IDF curves describe
how the average rainfall intensity Ii Di; Tð Þ varies with the
averaging duration Di and return period T. IDF curves are
available at most meteo stations where rainfall is recorded,
and in many cases, a study of their regional variation has
been already performed (e.g., for Belgium: Willems [2001,
2013] and Delbeke and Demar�ee [2003]). If no such re-
gional analysis is available, spatial interpolation of the IDF
curves at the meteo stations can be used to estimate the IDF
curves at the locations x

i
. The value Ii Di; Tð Þ derived from

the IDF curve has an annual exceedance rate 1/T. Using the
storm model, the exceedance rate of the averaged rainfall
intensity for a given location or FRZ depends on the cumu-
lative probability distribution of ½Iijxi

2 �� as

� Ii > I½ � ¼ � storm½ � � P½x
i
2 �� � P½Ii > I jx

i
2 ��; (1)

where P½x
i
2 �� represents the probability that x

i
falls

within the region of heavy rainfall. This probability

Figure 1. Geometry of potentially flooded regions.
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corresponds to the sum of P[�¼�r] for the rainfall regions
r that cover point x

i
. It follows from equation (1) that

P½Ii > IiðDi; TÞjxi
2 �� ¼ 1

�½storm � � P½x
i
2 �� � T : (2)

[28] The minimal value of ½Iijxi
2 �� is found from the

IDF curve using T ¼ 1=ð�½storm � � P½x
i
2 ��Þ.

[29] For risk analysis one needs the joint distribution of
the rainfall intensity Ii for all points x

i
in �. While there is

statistical variation in the rainfall intensity from site to site,
there is also a high degree of spatial dependence, as a
severe storm tends to produce intense precipitation every-
where in �. A simple and effective way to capture this vari-
ability and dependence is to assume that the intensities Ii

correspond to the same quantile of their respective mar-
ginal distributions. This assumed link reduces a highly mul-
tivariate model of rainfall intensity to a much simpler
scalar model, in which what is taken as random is just P,
the common probability with which the rainfall intensities
Ii are exceeded at all x

i
sites in �. P has uniform distribu-

tion between 0 and 1 since P> p corresponds to intensities
Ii exceeding their respective p-quantile values and has
probability P. Notice that this model reproduces the mar-
ginal IDF statistics at each x

i
site and accounts for the dif-

ferent averaging durations Di for the drainage basins of the
different FRZs. We will denote the rainfall intensities that
are thus generated at different FRZs i simply as Ii.

[30] To improve the degree to which the rainfall intensity
measure is predictive of flooding of the flood risk zone Zi,
not only temporal averaging over the critical duration Di

but also spatial averaging over the drainage basin associ-
ated with Zi should be considered. The latter can be accom-
plished by applying an areal correction factor �ðAi;DiÞ to
the value of Ii. Areal scaling relations of this type have

been repeatedly validated over wide ranges of areas and
durations (e.g., Tessier et al. [1993]; Olsson and Niemczy-
nowicz [1996]; Menabde et al. [1999]; for Belgium: Vaes
et al. [2005]). For simplicity, we maintain hereafter the
notation Ii also after such a correction is made.

4. Flooding of Individual Flood Risk Zones

[31] Next we describe how the probability of flooding of
a flood risk zone Zi is related to the rainfall intensity Ii and
how the spatial extent of flooding (at the level of subzones
Zij) and depth of inundation (at the level of IUs Zijk) are
obtained. Table 1 shows a summary of the model parame-
ters that will be introduced and a brief description of the
estimation procedure that will be further discussed. The
historical flood database and how the estimation can be per-
formed is discussed at the end of this section.

4.1. Probability and Rate of FRZ Flooding

[32] We assume that Zi can flood only if its drainage basin
representative point x

i
falls inside the heavy rainfall region

�. When this happens, the probability of flooding pFi must
depend on the rainfall intensity Ii. The assumed spatial link
does not allow for the possibility that a remote rainfall event
may cause inundation in an area further downstream that
receives no or just little rainfall (as often happens in lowland
river systems). We expect that an extension of the methodol-
ogy to link the flooding within Zi to the rainfall intensity Ii

at multiple points x
i

will be relatively straightforward but
have not pursued the extension in any detail.

[33] A logistic model is most often used to represent the
relationship between the probability of a binary outcome
and a continuous variable [Bishop et al., 1975]. In this
model the logistic function ln½pFi=ð1� pFiÞ� is regressed
against a function of Ii. To incorporate the condition that

Table 1. Overview of Estimation of Model Parameters

Parameter Detailed Physically Based Approximate Historical

Zi, Zij Regions of different return periods along the river
floodplains, see Figure 3c

Regions with specific topographical height differen-
ces j�h along the river floodplains; see Figure 3d

____________________________________________________________________________________________________________________________

bi Regression of the probability of flooding versus
ln(Ii), see Equation (3) from simulation of a long-
term rainfall series; see Figure 2

Equation (5) is matched to the average value of Ii

for historical floods of Zi

____________________________________________________________________________________________________________________________

Ii,0.5 Equation (4) is matched to the simulated flood count
of Zi

Equation (4) is matched to the historical flood count
of Zi____________________________________________________________________________________________________________________________

Ii1 min This value is by convention set equal to Ii for which the probability of flooding equals a lower limit (e.g., 1%)
____________________________________________________________________________________________________________________________

Iij min Match to return period of flooding in Zij Match of Iij min� Ii1 min to average observed differ-
ences for floods of Zij ; see Figure 5

____________________________________________________________________________________________________________________________

�D,ij(Ii) Interpolate between the values defined at Ii¼ Iij0 min for each j0 � j : �D,ij(Iij0 min)¼ relief difference between Zij and Zij____________________________________________________________________________________________________________________________

AIU,ij Area such that relief differences within compact regions of that size randomly located within Zij is limited (i.e., less than 20
cm) and/or based on size of inundation patches as observed from historical flood maps within Zij (Figure 3)

____________________________________________________________________________________________________________________________

�D,ij Standard deviation of relief differences between IU regions randomly located within Zij____________________________________________________________________________________________________________________________

Pij(Ii) Linear interpolation of values Pij Iijþkmin

� �
for k¼-1,0,1, . . .

____________________________________________________________________________________________________________________________

PijðIij�1min Þ ¼ 0
PijðIijmin Þ ¼ 1
see Figure 4a

Parameters x, y, and z (see Figure 4b) are calibrated
to match the number of observed flood claims;
see Figure 6
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pFi ¼ 0 when Ii¼ 0, the regression is made against ln[Ii].
The simplest form, a linear regression, then leads to the fol-
lowing parametric dependence of the odds ratio with Ii :

pFi

1� pFi

¼ Ii

Ii;0:5

� �bi

; (3)

where Ii,0.5 is the rainfall intensity for which pFi ¼ 0:5 and
bi controls the sensitivity of the flooding probability to Ii.
High positive values of bi imply high sensitivity and apply
when the rainfall intensity that produces flooding is accu-
rately defined (and then that critical intensity must be close
to Ii,0.5). The model in equation (3), which is hereafter also
called probability of flooding (PoF) model, was found to be
consistent with the relation between rainfall intensity and
flood probability of Belgian rivers that is obtained by driv-
ing hydrological models with long rainfall records (see for
instance, Figure 2).

[34] Using pFi from equation (3) and the distribution of Ii

from equation (2), one can calculate the rate of flooding of
Zi for rainfall intensities exceeding I, �FiðIÞ, as

�FiðIÞ ¼ �½storm � � P½x
i
2 �� �

Z1

I 0¼I

pFiðI 0ÞdFI iðI 0Þ; (4)

where FI i is the cumulative distribution function of Ii given
that x

i
2 �. The expected value of the rainfall intensity IFi

during all flood events with rainfall intensity exceeding I
corresponds to

E½IFiðIÞ� ¼

�
�½storm � � P½x

i
2 �� �

Z1

I 0¼I

I 0pFiðI 0ÞdFI iðI 0Þ
�

�Fi

: (5)

[35] If for a given Zi the number of floods and the average
value of Ii during such floods is known for a given observa-
tion period (either from historical observations or from simu-
lations), then the parameters of pFi can be estimated to
match the respective values using equations (4) and (5).

4.2. Spatial Extent of FRZ Flooding

[36] When Zi floods, the extent of flooding is uncertain
but generally increases as Ii increases. As introduced in sec-

tion 2, the sub-FRZ regions Zij model this progression of
flooding. More specifically, the subregions Zij are num-
bered according to the expected progression of flooding as
Ii increases. Hence Zi2 floods only after Zi1 has flooded, etc.

[37] Given that Zi floods under rainfall intensity Ii, the
extent of flooding is described by the probabilities PijðIiÞ
that IUs in the subregions Zij get flooded. Notice that PijðIiÞ
is also the expected fraction of Zij that is flooded and is
therefore hereafter also called percentage area flooded
(PAF). All points inside Zij are assumed to have the same
probability of flooding.

[38] Traditional (deterministic) flood modeling and map-
ping approaches attempt to describe the extent of flooding
as a function of Ii to a very high resolution. To mimick
such a detailed description in the probabilistic approach, Zi

should then be partitioned into many small sub-FRZs Zij

that delineate the incremental growth of the flooded region
and have a PAF that changes from 0 to 1 for small changes
of Ii. Figure 3a–3c shows examples of flood maps for Bel-
gium that can be used for this purpose. Figure 3a describes
the maximum spatial extent of a given historical flood
(obtained by helicopter views and terrain visits during the
flood). Figure 3b shows the simulated flood extent in a
detailed hydrological-hydrodynamic model of the catch-
ment and river (after Willems et al. [2002]). Figure 3c
shows simulated flood maps for return periods of 1, 100,
and 1000 years that are based on the simulation of runoff
hydrographs for the given return periods in the river and
the floodplains. The historical and simulated flood zones
are, however, not in perfect agreement (due to model or
flood mapping uncertainties). In the probabilistic model
(Figure 3d) the sub-FRZs therefore model the progress
more broadly and use the PAF model parameters to account
for the uncertainty on the actual extent.

[39] To limit the number of calibration parameters in the
PAF model, the PijðIiÞ relations are in this study character-
ized by piecewise linear functions for values Pij defined at
different intensities Iij min, see Figure 4 for two examples.
Iij min corresponds to the rainfall intensity Ii at which flood-
ing of Zij starts.

4.3. Inundation Depth

[40] Finally, we need to specify the inundation depth D
within the flooded fraction of subregion Zij. To account for
the fact that within the flooded fraction, nearby locations
within Zij should have similar depth, the notion of IUs Zijk

was introduced in section 2. They are compact regions of
given size AIU that are positioned at random within the Zijk

and have a spatially uniform inundation depth Dijk within
each individual IU; inundation depth between different
flooded IU varies ; see Figure 1d. Depth is in this study
assumed to vary independently from one IU to another and
have the same distribution for all k. This simple model
embodies the notion of patches of some average size expe-
riencing random but internally similar flooding conditions
within the Zij sub-FRZs. The size AIU of the patches may
be established by overlaying historical or simulated flood
maps (Figures 3a–3c) on the subregions Zij (Figure 3d).
The size AIU reflects the type of terrain and the existence of
flood barriers and is generally subregion specific. In the
case of very flat terrain, one may consider just one IU that

Figure 2. Calibration of the PoF model based on the
results of the hydrological models, discussed and evaluated
in Willems [2009], after simulation of 100 years hourly rain-
fall series for the Grote Nete river catchment in Belgium.
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covers the entire subregion Zij and thus assume constant
inundation depth throughout Zij.

[41] The probability that a specific inundation cell Zijk is
flooded is represented by the product of pFi (equation (3))
with PijðIiÞ. If flooding occurs, the inundation depth Dijk is
described by a mean value �D and standard deviation �D. �D

and possibly also �D vary with (i, j) and the rainfall intensity
Ii. The exact shape of the probability distribution of Dijk is of
secondary importance, provided one properly assigns its first
two moments. Here we use a normal distribution truncated
to eliminate negative values. Accordingly, the probability
that Dijk falls within an interval (d1,d2) is given by

Pðd1 < Dijk < d2Þ ¼
� d2��D

�D

� �
� � d1��D

�D

� �h i

1� � � �D

�D

� �h i : (6)

4.4. Parameter Estimation

[42] Table 1 summarizes the various parameters of the
model and how they can be estimated. A distinction is
made between the ideal case where a detailed physically
based floodplain analysis and a flood simulation for a long-
term time series of precipitation values have been per-
formed, and the worst but frequent case where only the
river network, general characteristics of the river basins
and topography is known. In the latter case, the model pa-
rameters are primarily estimated on information about his-
torical floods and an historical flood database has to be
established. How this has been done for Belgium is dis-
cussed in Appendix A.

[43] Within a large region both cases may apply: e.g.,
some river basins may have been modeled in detail while
for the remainder no models have been developed. Notice
also that the parameter estimation does not necessarily
require access to the actual floodplain models but has the
flexibility to integrate synthesis results of such models (i.e.,
inundation maps for successive return periods).

Figure 3. FRZ delineation for the river Dender (reach Idegem-Ninove) : (a) historical flood map for
January 2002 flood (ROG map, Flemish Environment Agency), (b) hydrological-hydrodynamic model
result for January 2002 flood, (c) model result for 1, 100, and 1000 years return period, after Willems
et al. [2002], (d) delineated sub-FRZs.

Figure 4. Calibration of the probability and rate of FRZ
flooding Pij(Ii) : schematic variation of (a) accurate and (b)
approximate delineation of Zij (see Figure 5 for calibration
of Iij min and x, y, z).
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[44] Estimation of the mean inundation depth, its random
variation, and the size of inundated cells is in both cases
primarily based on considerations of topography. Examina-
tion of historical (or simulated) flood maps mainly serves
as verification. The same applies to topical observations of
inundation depth in the database.

[45] As shown in Table 1, the historical flood database is
in general of less importance for the estimation of the
model parameters of an individual Zi when results from a
detailed analysis has been performed. In the ideal case
(simulation of a long-term precipitation time series), all pa-
rameters are readily derived from the results of the simula-
tion and the historical flood data will mainly serve as
verification of those results.

[46] When no detailed analysis is available, Table 1
shows how the various parameters could be estimated from
the historical database. The parameters Ii,0.5 and bi can be
fitted by matching �FiðI ¼ 0Þ of equation (4) to the annual
rate of reported floods for each Zi and by matching
E½IFiðI ¼ 0Þ� of equation (5) to the average value of Ii asso-
ciated with these floods in the database. As explained in
Appendix A, intercomparison of flood reports from different
sources allows to make corrections for incompleteness of the
database. When the number of flood reports is small, the
estimate of bi is highly uncertain and either grouping of dif-
ferent Zi or the use of an a-priori estimate of bi is necessary
to obtain reliable estimates. When no floods are reported, the
return period for flooding of Zi1 can be conservatively taken
equal to the researched period and the average value of bi

over all Zi can be used. This choice is a reasonable one and
typically such Zi will contribute little to the final risk results.
Should the contribution be nevertheless important (i.e.,
because Zi covers a highly densely populated area), then a
more detailed analysis of that specific zone may be neces-
sary or the research of floods that occurred in earlier periods
would be necessary to obtain more reliable estimates.

[47] When no detailed floodplain analysis is available,
the description of the progress of the spatial extent of the
flooding within a single Zi is very approximate at a local
level. Nevertheless, when the exposure is distributed over
many Zi, accurate results can be obtained. As shown in Ta-
ble 1, the evolution of the fraction of flooded area Pij(Ii)
with the average rainfall is parameterized and the parame-
ters are calibrated to obtain good matches for aggregate
numbers of flooded properties and losses in the historical
flood database. This ensures that model predictions over
regions of larger size (i.e., large flooding events) are trust-
worthy and their accuracy should improve as the modeled
region becomes larger. Results for the losses in individual
Zi are in this case however less reliable.

5. Property Distribution Within an FRZ and
Their Cumulative Losses

[48] The location of properties exposed to flooding may
be specified by either providing their exact geographical
coordinates or less accurately by giving the number of
properties in different administrative jurisdictions (cities,
census tracks, zip codes, etc.). Here we discuss the latter
and more difficult case, which is commonly encountered
when dealing with large regions and extended portfolios.
For simplicity, we assume here that all properties are of the

same type (e.g., residential buildings with a basement) and
have comparable monetary value, but the procedure can be
extended to deal with multiple property types and values.

[49] When one specifies only the aggregate number of
properties in certain geographical regions, the precise loca-
tions remain unknown and epistemic uncertainty enters
into the model. Consider a region G with m properties. For
computational purposes, G is partitioned into small cells
indexed by y. To apportion the m properties to the cells,
one must estimate the fraction of properties in each grid
cell y, f(y). One way to do so is to link f(y) to a land-use
index k¼ 1, . . . , K and assume that f(y) is proportional to
the expected number of properties fk(y) within a cell with
land-use code k. In turn, fk can be estimated if one knows
the number of properties Nj in different administrative units
j and the number of grid cells njk with land-use index k for
each administrative unit j. Then, estimates of fk are
obtained by fitting the linear regression model

E½Nj� ¼
XK

k¼1

fknjk (7)

to {Nj,njk} data. Using these estimates, the expected frac-
tion of properties in each cell y of region G is

f yð Þ ¼
fkðyÞX

y02G

fkðy0Þ
: (8)

[50] Since each property is independently assigned to the
cells y according to the probabilities f(y), the number of
properties in cell y is binomially distributed with expected
value mf(y). The vector of counts N in the different cells
has a multinomial distribution. This characteristic can later
be used to calculate the first two moments of the aggregate
loss over all cells y, including the uncertainty on the actual
location of the properties.

[51] Previous studies [e.g., Penning-Rowsell and Chat-
terton, 1977; Black and Evans, 1999; Thieken et al., 2008;
Kreibich et al., 2010] indicate that the loss L to a single
property tends to vary as a stepwise function of the inunda-
tion depth D. One may then collect into a vector L the flood
losses for different inundation depth intervals d ¼
0; 1; 2; . . . and collect in a vector pL(s) the associated prob-
abilities for a given rainfall intensity I. d¼ 0 represents the
case that no flooding occurs and has probability 1�Pij(Ii).
The components for d ¼ 1; 2; . . . are found by multiplying
the probability that the inundation depth falls within a
given depth interval, see equation (6), with the probability
that the property falls within an inundation cell, Pij(Ii). The
loss L should include all relevant flood consequences (build-
ing repair, loss of contents, business interruption, etc.),
adjusted for deductibles in insurance applications. The varia-
tion of the loss from building to building given the same
inundation depth is substantial but can be neglected, since
these losses are nearly independent and for a large number
of flooded properties tend to average out. Note that the loss
probability vector pL and the loss vector L are the same for
all properties within a given sub-FRZ.

[52] How to aggregate the losses from the N properties
with grid cells y inside the jth sub-FRZ Zij and then combine
the results for an entire FRZ Zi is described in Appendix B.
Exact expressions can be found for the expected value and
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variance of the aggregate loss, see equations (B3) and (B4).
The variance can be broken down into three additive terms:
uncertainty on the total number of properties within each
sub-FRZ; uncertainty on the distribution of the properties
within each sub-FRZ; and uncertainty on the inundation
depth at a nominal location of a sub-FRZ.

6. Simultaneous Flooding of Different FRZs and
Evaluation of Total Loss

[53] For a fixed high-rainfall intensity region �, we take
all FRZs with their representative points xi in � to be
potentially flooded. Their flooding probabilities are calcu-
lated using equation (3) with values of Ii that have identical
probability P of being exceeded according to equation (2).
If an FRZ floods, the first two moments of the losses from
that region are found from equations (B3) and (B4).

[54] However, for large regions it would be unrealistic to
assume that all FRZs that may potentially flood will
actually all flood simultaneously in a single event. The
degree of dependence of the flooding/no-flooding condi-
tions for the different FRZs thus needs to be described.

[55] If there are r FRZs that under a given rainfall event
have flooding probabilities pF1 ; . . . ; pFr , then the simplest
assumption is that of independence. In this case, the proba-
bility of any pattern of FRZ flooding/no-flooding is the
product of the marginal probabilities (pFi for flooding, 1�
pFi for no flooding of FRZ i). However, there are reasons to
impose positive dependence among the flooding of differ-
ent FRZs, especially those that are located along the same
river, belong to the same catchment, or are in close geo-
graphical proximity. The reasons for positive dependence
are many and for example include similarity in antecedent
conditions and similarity of precipitation intensity (while
we do not explicitly model rainfall intensity variation
within � except for the expected variation for the given P,
these variations exist and are positively correlated at short
distances). The strongest positive association, to which we
assign an association level �¼ 1 (in analogy with the maxi-
mum of the correlation coefficient), corresponds to the fol-
lowing. Suppose that the FRZs are listed such that
pF1 � pF2 � . . . � pFr . Then in the case of maximum asso-
ciation we take pF1 to be the probability that all FRZs
simultaneously flood and pFiþ1 � pFi , i¼ 1, 2, . . . , r – 1 to
be the probability with which all but the first i FRZs flood.
Intermediate degrees of positive association correspond to
0 < � < 1. In this case one might consider a fraction � of
storms to produce maximally associated flooding and a frac-
tion (1 � �) to produce independent flooding conditions.

[56] To be more realistic, one may specify a different
degree of association among subsets of the FRZs, for exam-
ple, to reflect their geographical distance and relation to the
drainage network. A procedure to do so is described in Ap-
pendix C. Appendix C explains how, given the flooding
probabilities from equation (3), the mean and variance of
the losses and the pattern of association, one can calculate
for a given rainfall event (P, �) the probability of suffering
no loss and the mean and variance of the total regional loss
L, given that L> 0. Because those nonzero losses are the sum
of many individual losses, a normal distribution is assumed.

[57] To obtain the risk loss curve �(l), the rate of events
that cause regional losses L> l, one must combine in the

usual way the rate of occurrence of different discrete rain-
fall events, �(P, �), with the fraction F of associated losses
L(P, �) that exceed l

�ðlÞ ¼
X
8ðP;�Þ

�
�
P;�Þ � F½LðP;�Þ > l�: (9)

7. River Flood Risk for All Residential Buildings
in Belgium

[58] The previous probabilistic model has been setup to
estimate the recurrence rate of flood losses within the Bel-
gian territory. To estimate the different model parameters,
a variety of data and statistical estimation techniques have
been used and the model is regularly updated to incorporate
results from more detailed studies of subregions that allow
for a more precise delineation of the FRZs. Here we present
only a short summary of the initial model that was primar-
ily calibrated to an historical database of flood losses within
the country (see Appendix A) and a first rough delineation
of FRZs. Interestingly, we have found that while the results
for specific locations or smaller subregions substantially
differ between different versions of the model, the overall
result for the entire country remains very stable.

[59] The dominant meteorological events that cause river
flooding at a larger scale in Belgium are large frontal sys-
tems with an area A of sustained intense rainfall on the
order of 104 km2 (possibly larger, if one includes the effect
of storm movement; see Willems [2001] and De Lannoy
et al. [2005]). Furthermore, IDF curves at different points
in Belgium show little difference. In the initial model, we
therefore considered randomly located areas � of the same
size and assumed the rainfall intensity I to be spatially uni-
form inside �. The recent availability of the spatiotemporal
variation of rainfall data from regional climate models
[e.g., R€ais€anen et al., 2004; Christensen et al., 2007; van
der Linden and Mitchell, 2009] and the development of
rainfall simulators [e.g., Onof et al., 2000; Verhoest et al.,
1997] would allow to substantially improve on this simplis-
tic model but does not alter the methodology in fundamen-
tal ways.

[60] In the initial model, the delineation of the FRZs has
been based in the first place on topography and distance to
the river and then adjusted to incorporate historical flood
information and detailed model results where these were
available. Estimation of the flood vulnerability (PoF model)
is primarily based on research of flood reports (a historical
database compiled from newspaper reports, claims handled
by the Federal Disaster Agency (FDA) and, for part of the
period, flood interventions by the civil protection agency)
since 1980 during periods of severe precipitation, and cor-
rected for incompleteness (see Appendix A). Estimates of
the variation of the spatial extent of the inundation (PAF)
and the inundation depth parameters �D and �D are primar-
ily based on the information that was derived from the
flood loss claim reports to the FDA for the four major flood
events over the period 1990–2002 (see example results in
Figures 5 and 6). In the flood event tree (see Appendix C),
FRZs are then clustered according to subriver (river
branches level 1), river (level 2), river-basin (level 3), and
finally country level (all river branches). The association
values are chosen to match the historical flood counts
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(again corrected for incompleteness) that are found from
the newspaper reports (Figure 7). Inundation depth is dis-
cretized into broad inundation classes in accordance to the
work by Penning-Rowsell and Chatterton [1977]: e.g.,
shallow flooding of the ground floor (0–30 cm), extensive
flooding of the ground floor (30–90 cm), complete flooding
of the ground floor (90–150 cm), and extreme flooding
(>150 cm, with 180 cm as a representative midpoint). The
relative variation of the flood loss to a residential building
within the different classes is based on the regression rela-
tionships derived from study of U.K. flood losses by Black
and Evans [1999]. In the application shown here, they are
applied at the midpoint of each inundation interval and all
residential buildings are assigned the same building and
contents value (the average within Belgium is used). The
average claimed loss in the FDA in the four major floods of
1993, 1995, 1996, and 1998 is found to be remarkably sta-
ble and equals about 6250 Euro per flooded property.
Because newspaper reports show that nearly 39% of the
flooding concerns basement flooding only, also this inunda-
tion class was added with a best guess of the damage rela-
tive to shallow flooding of the ground floor. Using a
judgmental assessment of the distribution of the claims

over the different inundation classes, the relative loss
within each class is then scaled to match this average. The
fact that because of regulations on the type and number of
items that are compensated, the actual loss compensation is
only half of the claimed loss has not been taken into
account. The number of properties within 40 � 40 m grid
cells is described by the multinomial redistribution of the
total number of buildings in each municipality (see section
5). The expected fraction in each cell is determined by its
land-use code (i.e., highly populated city centers, discontin-
uous development areas and rural areas). The relation to
land-use code is estimated (see section 5) using the 1991
census data of the number of dwellings within each munici-
pality compiled by the National Institute of Statistics.

[61] Once the model has been setup, a whole range of
results can be obtained within computation times that are on
the order of minutes: i.e., annual average flood losses within
the entire region or subregions; the expected number of
floods in the entire region and various subregions; the an-
nual recurrence rate of flood losses; and number of flooded
properties in the entire region and various subregions.

[62] Here we only present the result that is of most inter-
est : the estimated annual recurrence rate with which the
total flood loss to residential buildings within Belgium is
exceeded (see Figure 8). The flood loss covers both damage
to buildings and contents and includes basement flooding.
For comparison, the empirical recurrence rate of the total
claimed loss to the Belgian FDA is shown for the four
major floods over the period 1990–2002.

[63] The risk curve in Figure 8 accounts for various types
of uncertainties, including some that are of an epistemic na-
ture: the exact location of the properties, the exact parts of
each Zij that are flooded, and the exact inundation depth
within each inundated part. The variance on the aggregate
loss that is produced by these uncertainties is added to the
variance produced by aleatory uncertainties (severity of
the rainfall events, probability of flooding, etc.) because the
epistemic uncertainty randomly varies between FRZs.
Figure 8 shows how the estimate of flood risk would
change if some of the variance components are excluded in
the estimation. Excluding the variance contributions from
the epistemic uncertainty is found to produce a negligible

Figure 5. Calibration of the rainfall excess severity Iij min

� Ii1 min from observed Iij� Ii1 min values in different Zij

flood reports.

Figure 6. Calibration of Pij(Ii) values of Figure 4 to
match the cumulative distribution function of the number
of flooded properties within different municipalities during
the flood of September 1998.

Figure 7. Calibration results on the number of floods per
year for the different association levels as well as along all
river branches.
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effect, and the results are therefore not included in Figure
8. That the effect is so small is due to the fact that a large
number of properties (about 3.4 million) is considered over
a very large area that includes many river basins and FRZs.
When smaller portfolios are considered or results are
derived for subregions, the effect does become more impor-
tant. Excluding the variation due to either high rainfall in-
tensity region location or FRZ flood combinations (while
preserving all other uncertainties) has a larger effect which
however becomes practically significant only at large
return periods. Excluding both types of variations produces
the largest influence. But even in this case, the influence is
truly important only starting at return periods of about 100
years (exceedance recurrence rates below 0.01). For a large
portfolio distributed over Belgium, the flood risk curve is
thus primarily determined by the recurrence rate of meteor-
ological events of different severity and the variation of the
expected loss with severity.

[64] The annual exceedance rate in Figure 8 with all
uncertainties included uses best estimates of the model pa-
rameters. These estimates are however also subject to epis-
temic uncertainty. Systematic errors on the recurrence rate
of the meteorological events or the relationship between
loss and inundation depth would be, for instance, directly
reflected in shifts of the risk curve along, respectively, the
frequency or loss axis, plotted on a log scale. Sensitivity
analyses where other model parameters were varied within
the limits that are considered plausible, given the historic
information, showed that in the present application uncer-
tainty on the PAF parameters is the most important, fol-
lowed by uncertainty on the PoF parameters (see Figure 9).

8. Critical Discussion

[65] The previous application shows that, at least in the
case of Belgium, the methodology produces a flood risk
estimate that is consistent with the four largest observed
losses over the period 1990–2002, see Figure 8. This good
fit gives confidence that the model parameters have been
well jointly calibrated as a whole parameter set. On the
individual parameters considerable uncertainty remains. If
systematically applied, the individual uncertainties could

affect the risk curve considerably (as noted also in the study
by De Moel and Aerts [2011]). The uncertainty on the PAF
parameter has for instance a major effect (see Figure 9). If
the mean damage is systematically a factor 2 lower, this
would shift the flood risk curve with the same factor on the
x axis. But if one parameter is systematically raised, then
the other parameter should be systematically decreased to
obtain a fit as good as in Figure 8. The final validation
against global losses in the major past floods is thus quite
important to the credibility of the model.

[66] Once the method is setup, the result is obtained with
little computational effort. This capability is of specific in-
terest to insurance and reinsurance companies since they
have different geographical exposures in their portfolio and
need to assess the annual expected loss as well as the fre-
quency of large event losses. The application to all residen-
tial properties in Belgium (as illustrated in Figure 8) has
been of interest to the insurance industry as a whole in their
discussions with the government on the limit to which they
need to cover total flood losses in a single event following
the mandatory requirement that a regular fire insurance
covers also flood losses since 2006 [Organisation for Eco-
nomic Co-operation and Development (OECD), 2008].
While this paper limits itself to the application to riverine
flooding and considers only a single type of property for
which aggregate counts of the number of properties are
known (i.e., within municipalities), the methodology can
and has been applied also to other types of flooding (sewer
and coastal) and to the case where exact address locations
are known and multiple property types (associated with dif-
ferent losses for the same inundation depth) are defined.

[67] The methodology has of course also its limitations
and could be further improved. The methodology is for
instance not suited at all for risk-based decisions on flood
defences, land-use management, or flood predictions along
a river system since the model only represents the present
state and does not capture how changes to those elements
would affect the flood risk. One might quantify the change
to the model parameters from detailed physically based
models, but if such models exist, it is more accurate and
direct to evaluate the flood losses by directly extending the
models with a description of the exposure and the loss for a

Figure 8. Annual exceedance rate versus flood loss for
the entire Belgian territory and comparison with the total
amounts claimed to the Belgian FDA for four major floods.

Figure 9. Sensitivity analysis results on the annual
exceedance rate versus flood loss for the entire Belgian
territory.
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given inundation depth, as has been done by many others
[e.g., Vanneuville et al., 2003; Ernst et al., 2010].

[68] The method could be however used to study the
effect of climate change on flood loss over a broad region
(e.g., at country level). Since the model does explicitly
account for the recurrence rate of meteorological events as
a function of severity, this is in principle possible. Within
the context of such an application, a more detailed descrip-
tion of the spatial extent and variation of precipitation
within severe storms is probably desirable. To allow for the
application of the methodology to regions where flooding
is strongly influenced by upstream conditions outside the
typical size of a meteorological event, one might consider
extending the link between flooding and rainfall to a multi-
variate relationship where the rainfall (or melt) conditions
are considered instead at multiple points. The accuracy of
the results would also obviously benefit from a more exten-
sive calibration of the model parameters on the basis of
detailed physically based model runs.

[69] No doubt a detailed physical modeling of the entire
process of runoff, hydraulic routing, and overtopping is
preferable to the conceptual-empirical method described in
this paper. But if the development cost, available data, or
practical considerations do not allow to build such a model,
which may in particular be the case when very large
regions need to be considered, the presented methodology
may be an attractive alternative.

[70] The distinction between epistemic (lack-of-knowl-
edge) and aleatory (stochastic) uncertainty has been
addressed by several authors [e.g., Apel et al., 2004, 2008;
Merz and Thieken, 2009], and the importance of epistemic
uncertainty is generally emphasized. The application of the
methodology to estimate the recurrence rate of river flood
losses to all residential buildings within Belgium indicates
instead that the flood risk assessed for a large region is pri-
marily determined by the aleatory variation of the meteo
severity up to return periods of 100 years while for all other
variables expected values could be used. We attribute this
finding to the fact that much of the epistemic uncertainty
that applies to subregions (i.e., which location is exactly
inundated with which depth) is independent from subregion
to subregion and tends to average out when the total loss is
calculated. For larger return periods, the accurate quantifi-
cation of the aleatory variations of the losses due to the fact
that different combinations of flooded zones may flood and
different positions of the meteo region produce different
losses (because of different exposures) becomes important.
Systematic errors on model parameters that apply to the
entire region, in particular, the percent area flooded for a
given severity, do remain influential to the results (see Fig-
ure 9) and such systematic epistemic uncertainty is indeed
important. The same applies for global biases on frequency
of meteorological events or the average loss for a given
inundation depth. A final validation of model results
against observed losses for major events (as in Figure 8) is
therefore essential to use the model with confidence.

9. Conclusions

[71] A probabilistic flood loss assessment methodology
is presented that allows to estimate the recurrence rate of
flood losses to a geographically distributed portfolio of

properties. The methodology specifically aims to make the
estimation computationally feasible and practical for larger
areas even if only limited information is available . Infor-
mation that is obtained from detailed physically based flood
modeling, where available, can be however also integrated
to improve the accuracy of the results.

[72] The methodology does account for all major sources
of uncertainty that introduce variation on the flood losses:
severity of the meteorological event; spatial extent and loca-
tion of the meteorological event; which potential flood zones
will actually flood during a meteorological event; spatial
extent and inundation depth of flooding in each potential
flood zone; location of the properties within the potential
flood zones. The main novelty is that the probability and
extent of flooding is directly linked to the severity and extent
of the meteorological events through a probabilistic model
that conceptually represents the influence of the various sub-
elements. This simplifies the necessary calculations consid-
erably and allows estimation of the model parameters either
directly from general topographic information and historical
observations, or on the basis of simulated model results. The
conceptual representation used in the methodology also lim-
its its applicability: the flood risk curve is representative
only for the flood mitigation and land-use conditions in the
recent past. The model is not suited for an assessment of the
effect on flood risk of changes to flood mitigation or land-
use conditions. The model does explicitly include meteoro-
logical conditions and could thus possibly also be used to
assess the effect on the risk curve of climate change.

[73] Various improvements that could be made to the
methodology and would be desirable in such a context have
been noted earlier in the critical discussion.

Appendix A: Historical Flood Database

[74] To establish a database that is fit for calibrating the
presented model, the most recent period Tobs (i.e., the last
10–20 years) should be systematically and consistently
researched for flood information. This is important to make
later on corrections for incompleteness and avoid biases to
specific regions. A good way to do so is to look into a fixed
set of public media (i.e., different newspapers, television
news, etc.) that cover the region R of interest and search for
flood reports. This systematically researched information is
supplemented with flood information from other sources
(i.e., civil protection, FDA records, insurance data, water
authority reports, scientific reports, etc.), which is often
more detailed but only pertains to specific events. Research-
ing the public media is a time-consuming task but less daunt-
ing than it may seem, since it is sufficient to research the
newspapers only during those periods of the years when the
local site intensity Ii is above a given threshold value (i.e.,
the value that is exceeded some ten times a year). The infor-
mation reported from these sources is broken down into indi-
vidual flood items, each of which is labeled by a date, the
source of information, and the spatial extent that is affected.
The latter may be in the form of an actual address or in a
more aggregate form (i.e., five houses flooded in a street;
100 houses flooded in a municipality). Actual address infor-
mation can be directly linked to a given Zi; aggregate reports
are redistributed over the different Zi within the aggregate in
accordance to the relative probability of flooding of each Zi.
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Next the items are clustered into flood periods (i.e., periods
of almost a week, during which flooding may have occurred
in one or more Zi), and for each flood period a list of Zi that
are reported (or presumed) to be flooded is made. For each
flood period and each Zi, the average rainfall intensity Ii (i.e.,
the maximum during the flood period) is retrieved from the
meteo data. The overall information for the flood event is
interpreted to establish the maximum extent of flooding (i.e.,
up to which Zij has been flooded for each Zi). If this cannot
be done precisely then a range is specified.

[75] The list of flood dates and the list of flooded Zi for
each flood date will inevitably be incomplete. However this
incompleteness can be quantified by intercomparison of the
flood reports from the different sources (i.e., between differ-
ent newspapers and between the newspapers and the addi-
tional sources over the timespan they are available).
Incompleteness can be quantified both with respect to the
degree that flood periods are found back in each source (for
the period it applies) and the degree to which for a given flood
period (and the quantile associated with the rainfall intensity)
the list of flood sites Zi is complete, for instance, by the cap-
ture-recapture method of Bishop et al. [1975]. These esti-
mates can then be used to correct the researched period Tobs

to an effective complete observation period Ti for each Zi.

Appendix B: Expected Value and Variance of the
Flood Loss Within FRZ Zi

[76] In this appendix we derive the expected value and
variance of the aggregated loss of a set of properties that
are spatially distributed within the sub-FRZs Zij of an FRZ
Zi. The precise number and location of the individual prop-
erties is unknown. Instead, the total number of properties m
within a larger administrative region G (i.e., a municipal-
ity) that covers Zi is known and the expected proportion of
properties f(y) is known for each cell y of a grid covering
G. Each Zij corresponds to a known sublist of grid cells. The
number of properties N(y) within the cells y is then multino-
mial distributed with expected value �NðyÞ ¼ mf ðyÞ, with
variance �2

NðyÞ ¼ mf ðyÞ
�
1� f ðyÞ

�
and with covariance of

N(y) and N(y’) equal to �NðyÞ;Nðy0Þ ¼ �mf ðyÞf ðy0Þ.
[77] L is the vector of losses for a single property associ-

ated with different inundation class d ¼ 0; 1; 2; . . . and is
the same for all Zij. d ¼ 0 refers to no flooding and is thus
associated with zero loss. pL;ijðIiÞ is the probability vector
that the different inundation classes d apply for a given
temporal average rainfall Ii given that Zi is flooded. Its val-
ues are determined by combining the probability Pij(Ii) that
generic points in Zij are flooded with the probability that
different inundation depth intervals apply (see equation
(6)). fpL;ijðIiÞ;Lg describes a probability mass distribution
from which the expected value and variance of the loss for a
single property L1(y) are readily calculated. We denote these
values hereafter as �L1;ij and �2

L1;ij
since they are the same

for all cells y belonging to Zij. Note that because d¼ 0 is
included �2

L1;ij
not only represents uncertainty on the inunda-

tion depth but also includes lack of knowledge on whether
the location of the property will be actually flooded or not.

[78] Within sub-FRZ Zij, the loss to all properties is
Lij ¼

X
y2Zij

NðyÞL1ðyÞ. N(y) and L1(y) are independent ran-

dom variables. The expected value of their product is then

mf ðyÞ�L1;ij. ð�2
L1;ij
þ �2

L1;ij
Þmf ðyÞ

�
1� f ðyÞ

�
þ m2f 2ðyÞ�2

L1;ij

is the variance of the product with the first term representing
the uncertainty on the number of properties within cell y and
the second term representing the uncertainty on the loss.
When the size of the grid cells y corresponds to the size of
IUs AIU, then the inundation depths within different cells
y and y0 are independent and the covariance between the
flood losses in inundation cell y and y0 simplifies to
��2

L1;ij
mf ðyÞf ðy0Þ. This negative covariance is a consequence

of the uncertainty on the location of the properties.
[79] Using the previous expressions, the expected value

and variance of Lij can be worked out and corresponds to:

�Lij
¼ mr1;ij�L1;ij

; (B1)

�2
Lij
¼ �2

L1;ij
mr1;ijð1� r1;ijÞ þ �2

L1;ij
mðr1;ij � r2;ijÞ þ �2

L1;ij
m2r2;ij;

(B2)

where r1;ij ¼
X

y2Zij
f ðyÞ is the expected number of proper-

ties in G belonging to Zij. r2;ij ¼
X

y2Zij
f 2ðyÞ is a second-

order statistic that measures the relative variation of f(y)
within Zij.

[80] �2
Lij

increases with r2,ij as �2
L1;ij

mðm� 1Þr2;ij. It is
also easy to show that r2,ij is bounded to the interval
½r2

1;ij=nij; r2
1;ij� with nij referring to the number of independ-

ent inundation cells AIU within Zij. When f(y) is the same
for all cells y, then r2,ij is minimal. When f(y) is nonzero
within a single cell y only, then r2,ij is maximal. The overall
variance of the aggregated loss thus increases as the proper-
ties are less uniformly distributed over Zij and the size of
the inundation cells AIU increases.

[81] Equations (B1) and (B2) are exact and particularly
convenient for practical implementation because the values
r1,ij and r2,ij can be precalculated for each Zij once its geom-
etry and the value of f(y) within Zij is known. In addition
the expected value �L1;ij and the variance �2

L1;ij
of the loss

to a single property within Zij must be calculated for the
different values of Ii considered in rainfall events.

[82] Equation (B2) also suggests following decomposi-
tion of the overall variance:

[83] 1. V NTOT
Lij

¼ �2
L1;ij

mr1;ijð1� r1;ijÞ is the only term that
remains when �2

L1;ij
¼ 0. This term represents ‘‘uncertainty

on the total number of properties within Zij’’ ;
[84] 2. V DEPTH

Lij
¼ �2

L1;ij
m2r2;ij is the only term that

remains when the distribution of the properties within Zij

would be known and NðyÞ ¼ mf ðyÞ. Thus it can be inter-
preted as the ‘‘uncertainty on inundation depth.’’ The value
is proportional to �2

L1;ij
and becomes more important as the

properties are more concentrated at a single location and
the size of AIU increases;

[85] 3. V NWITHIN
Lij

¼ �2
L1;ij

mðr1;ij � r2;ijÞ can then be inter-
preted as the ‘‘uncertainty on the relative spatial distibution
of the properties within Zij.’’ The value is again propor-
tional to �2

L1;ij
but becomes more important as the properties

are more uniformly distributed within Zij and the size of
AIU decreases.
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[86] The mean value and variance of the total loss Li ¼X
j
Lij within the entire FRZ Zi then corresponds to

�Li
¼
X

j
�L;ij; (B3)

�2
Li
¼

X
j
V NTOT

Lij
� 2
X

j

X
j0>j
�L1;j

�L
1;j
0 mr1;jr1;j0

� �
þ
X

j
V DEPTH

Lij
þ
X

j
V NWITHIN

Lij
; (B4)

where
X

j
V NTOT

Lij
� 2
X

j

X
j0>j
�L1;j

�L
1;j
0 mr1;jr1;j0

� �
repre-

sents then the ‘‘uncertainty on the total number of proper-
ties within the different FRZs Zij.’’ The other variance
components can be interpreted as before.

[87] In the previous derivation, it is assumed that the grid
cells y are of size AIU such that independence of the inunda-
tion intervals in disjoint cells can be assumed. In practice
this will not be the case and the inundation cells may cover
several grid cells y. The previous derivation remains how-
ever valid if one replaces r1;ij ¼

X
y2Zij

f ðyÞ and r2;ij ¼X
y2Zij

f 2ðyÞ with summations over inundation cells x of

size AIU that are randomly distributed over the grid in y :

r
0
1;ij ¼

X
x2Zij

f
0 ðxÞ and r

0
2;ij ¼

X
x2Zij

f
02ðxÞ. f 0ðxÞ is the

expected proportion of properties falling within each IU
and satisfies: f

0 ðxÞ ¼
X

y2x
f ðyÞ. It follows immediately

that r
0
1;ij ¼ r1;ij and the value can be derived directly on

the basis of grid y. To calculate r
0
2;ij we consider each grid

cell y also a possible ‘‘center’’ of the inundation cell with
the (k2)-nearest grid cells within Zij forming the IU and
with k chosen such that the size corresponds to AIU. We
denote this neighborhood as Zij;ykxk . With grid cell y as the

center of the IU, f
0 ðyÞ ¼

X
y02�ij;ykxk

f ðy0Þ and thus r
0
2;ij ¼X

x2Zij

�X
y02Zij;xkxk

f ðy0Þ
�2

with the x cells randomly dis-

tributed, such that the complete set covers the entire region.
The value of r

0
2;ij can therefore be approximated by taking

the summation over all grid cells y of Zij and dividing this
by k2 since the summation extends over nij grid cells
instead of the actual number of IUs nij/k

2. This leads then to

the expression r
0
2;ij ¼

X
y2Zij

�X
y02Zij;ykxk

f ðy0Þ
�2
=k2.

Appendix C: Flood Loss for a Branch Within the
Flood Event Tree

[88] Dependence of the occurrence and extent of flood-
ing at different FRZs Zi is already introduced through the
spatial extent of the meteorological event and the fact that
the average precipitation level Ii for each Zi is derived
from a common severity s that characterizes the meteoro-
logical event. In order to capture also the secondary de-
pendence of flooding/no-flooding between different Zi that
are exposed to the same rainfall event, the FRZs are
organized in a ‘‘Flood Event Tree’’ (FET) that reflects the
hydrological and hydraulic similarity of the different Zi.
At the lowest level in the FET, Zi are grouped that belong
to the same river branch; at higher levels river branches
are grouped according to basin, main river and finally
country level. At each node of the tree, the degree of asso-
ciation � between flooding/no-flooding of the members of
the branch can be specified. �¼ 0 implies that flooding/
no-flooding is independent between the different members.
�¼ 1 implies that maximal overlap occurs between simul-
taneous flooding of the different members. �¼�1 implies
that minimal overlap occurs between simultaneous flood
events of the different members. For intermediate values
of �, the bordering limiting case (i.e., either 1 or �1) is
assumed to apply in a proportion � of the rainfall events.
Figure C1 shows an illustrative example of such a flood
event tree. For a properly calibrated model, the expected
number of floods from the model will already match the

Figure C1. Illustrative example of a flood event tree.
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historical (or simulated) number of floods for each Zi and
the sub-FRZs Zij. Through a proper choice of the nodal val-
ues of �, possibly as a function of the severity s, it is possi-
ble to also match the number of floods at the spatial
aggregate level defined by the FET. ‘‘Flood’’ is then defined
as at least one of the underlying members experiencing
flooding. The number decreases monotonically with � and
thus calibrated values are relatively easy to derive.

[89] We explain next how the probability of flooding and
the associated conditional expected overall loss and its var-
iance can be determined for the case of maximum associa-
tion �¼ 1 and for the case of independence �¼ 0 The case
of disassociation (�¼�1) is similar to that of �¼ 1.

[90] Consider a branch within the flood event tree with n
possible flood losses attached: Li; i ¼ 1; . . . ; n. For each
loss, we assume that the probability of a nonzero loss
(‘‘flooding’’) and the expected value and the variance of the
flood loss, if it happens, is known. We denote these values
as: pFi , �Li

, and �2
Li

. The problem is then to determine the
values pF, �L, and �2

L for the group of losses. Repeated
application of these formulae going from the bottom of the
FET to the top, then establishes the value at each node and
ultimately the value for the entire rainfall event.

[91] In the case of maximal association, �¼ 1, the flood
losses are ordered for increasing value of pFi . The probabil-
ity of a nonzero loss for the complete branch is then simply
pFn . There are n different flood events associated with this
loss: (1) losses L1 to Ln all occur. This happens with proba-

bility pF1=pFn and has an expected loss
Xn

i¼1
�Li

and var-

iance
Xn

i¼1
�2

Li
, (2) only losses L2 to Ln occur. This happens

with probability ðpF2 � pF1Þ=pFn and has an expected lossXn

i¼2
�Li

and variance
Xn

i¼2

�2
Li

, (3) . . . . Denote for each

flood event i the probability, the expected loss, and the var-
iances as pSi , �Si

, and �2
Si

. The nonzero loss L of the branch

then has expected value �L ¼
Xn

i¼1
pSi�Si

and variance

�2
L ¼

Xn

i¼1
pSið�Si

� �LÞ
2 þ

Xn

i¼1
pSi�

2
Si

. The two terms

in this expression correspond to a decomposition of the var-
iance into �2

L ¼ �2
Lbetween

þ �2
Lwithin

, where the first term repre-
sents between-flood variance while the second term
corresponds to the average within-flood variance. The two
types of variances can be systematically propagated also to
branch combinations at higher levels, such that for the total
loss of the flood event tree, the variance can be separated into
flood variability (i.e., uncertainty on which FRZs actually
flood) and average within-flood-variance. For instance, when
for each member i, the decomposition �2

Si
¼ �2

Si;between
þ �2

Si;within

is known, then the variance decomposition of the sum of the

losses is: �2
Lbetween

¼
Xn

i¼1
pSið�Si

� �LÞ
2 þ

Xn

i¼1
pSi�

2
Sbetween

and �2
Lwithin

¼
Xn

i¼1
pSi�

2
Si;within

. For the within-flood-variance

component, a further breakdown according to the three uncer-
tainty sources indicated in Appendix B (NTOT, DEPTH,
NWITHIN) can be also made and propagated to the higher
levels. The variance of the final FET loss is thus split into (1)
variation due to which combinations of FRZs will flood and
(2) average value of the variance for a given flood combina-
tion split into (i) uncertainty on the total number of properties
within Zi and their Zij, (ii) uncertainty due to variation in inun-

dation depth, and (iii) uncertainty on the within variation of
the number of properties in the different Zij.

[92] In the case of independence, �¼ 0, 2n� 1 nonzero
flood events are possible. Evaluation of all these events is
computationally prohibitive and a different technique for
calculating the values is used. The total branch loss (includ-

ing zero-losses) corresponds to L0 ¼
Xn

i¼1
KiLi with Ki a

0/1 indicator that equals 1 with probability pi and is inde-
pendent of all other variables. The expected value is then

�L0
¼
Xn

i¼1
pLi�Li

, and the variance corresponds to

�2
L0
¼
Xn

i¼1
pLið1� pLiÞ�2

Li
þ
Xn

i¼1
pLi�

2
Si

. Again one can

recognize the first term to represent the between-flood var-
iance and the second term as the average within-flood var-
iance. The probability pL of a nonzero loss for the branch

corresponds to pL ¼ 1�
Yn

i¼1
ð1� pLiÞ. The expected

nonzero loss of the branch is then �L ¼ �L0
=pL. Since

�2
L0
¼ pLð1� pLÞ�2

L þ pL�
2
L, the variance is calculated as

�2
L ¼

�
�2

L0
=pLÞ � ð1� pLÞ�2

L. The second negative term is
a correction that applies to the between-flood variance:
�2

L;between ¼ ð�2
L0;between =pLÞ � ð1� pLÞ�2

L. The within-var-

iance component corresponds to �2
L;within ¼ �2

L0;within =pL.
[93] When a partial association is specified in the branch,

the previous calculations are executed separately for the
two corresponding extreme association values (i.e., inde-
pendence and maximal association). These are then consid-
ered the input to a virtual branch that combines the two
cases, assuming minimal association (either one or the
other occurs) of the results of the two cases.
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