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Abstract. Uncertainty in the return levels of insured loss For example, storm Lothar in 1999 passed close to the centre
from European wind storms was quantified using storms deof Paris and, with 110 European fatalities, caused the high-
rived from twenty-two 25km regional climate model runs est number of deaths (Enz et al., 2009). In 2005, storm Er-
driven by either the ERA40 reanalyses or one of four coupledwin passed through northern Denmark before felling an es-
atmosphere-ocean global climate models. Storms were idertimated 75 millionni of trees in southern Swedish forests
tified using a model-dependent storm severity index based ofGuy Carpenter, 2005). This figure was close to the aver-
daily maximum 10 m wind speed. The wind speed from eachage annual production of total Swedish forests and much of
model was calibrated to a set of 7 km historical storm windwhich was not adequately priced by reinsurers at the time
fields using the 70 storms with the highest severity indexdue to a scarcity of similar events in recent history.
in the period 1961-2000, employing a two stage calibration While long storm catalogues exist spanning recent cen-
methodology. First, the 25km daily maximum wind speed turies (e.g. Lamb and Frydendahl, 1991), such documents are
was downscaled to the 7 km historical model grid using thegenerally an incomplete selection of earlier storms based on
7 km surface roughness length and orography, also adoptingimited available documentation with possibly no instrumen-
an empirical gust parameterisation. Secondly, downscaledal observation. Also, their generally descriptive nature pro-
wind gusts were statistically scaled to the historical stormshibits detailed quantitative analysis. Therefore itis only since
to match the geographically-dependent cumulative distributhe era of global reanalyses, with their uninterrupted six-
tion function of wind gust speed. hourly data and modern measurement techniques that we are

The calibrated wind fields were run through an operationalable to gain a more complete picture of storm activity over
catastrophe reinsurance risk model to determine the returEurope. With generally only a few severe damaging storms
level of loss to a European population density-derived prop-a year, quantitative risk assessment using just the 50 yr pe-
erty portfolio. The risk model produced a 50-yr return level riod of global reanalyses is an uncertain process, especially
of loss of between 0.025 % and 0.056 % of the total insuredsince government regulation increasingly requires insurance
value of the portfolio. companies to protect their balance sheets up to losses with an
expected return period of 200 yr or above.

Reinsurance companies, usually the holders of financial
1 Introduction risk from catastrophes, most often quantify storm risk to

an insurance portfolio (hereafter referred to as “portfolio”)

European winter storms have the potential to cause largé'Sing catastrophe models. Catastrophe models determine
damage to property and the environment as well as loss oloSS to a portfolio from a catalogue of storms by applying
life. From 1970 to 2008, of the 40 global natural and man- @ transfer function to convert the wind speed at each loca-
made catastrophes with the highest insurance losses (her8on to loss. The transfer functions (often referred to as “vul-
after referred to as “loss”), seven were European winterh€erability functions”), are determined by a combination of

storms causing 11.2 % of the total losses (Enz et al., 2009)analysis of past insurance claims and engineering consid-
erations. To overcome the limitations of a short historical

record, catastrophe models often extend the storm catalogue
Correspondence tavl. R. Haylock using artificially-generated storms. Traditionally, the most
BY (malcolm.haylock@partnerre.com) common approach to generating artificial storms has been to
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statistically perturb the wind field intensity, shape or location the European Centre for Medium-Range Weather Forecasts
of historical storms. Peer-reviewed literature exists for trop-(ECMWF) could be used to minimise the statistical uncer-
ical storm track perturbation (Hall and Jewson, 2008), buttainty of estimates of higher return period storm losses. They
similar methods have also been used for European windstorrfound that the forecast model runs, which could be consid-
modelling by commercial catastrophe model providers, forered an ergodic sample when the first month of the ensemble
example previous generations of the European wind modeforecasts was discarded, provided a greatly extended storm
by Risk Management Solutionsvww.rms.com) and cur-  set compared with history. After calibrating the wind fields
rent versions of the model by EQECAW{w.egecat.com using statistical scaling with those of the SwissRe historical
While methodologically relatively straightforward and com- storm catalogue and coupling the wind fields with a simpli-
putationally undemanding, there is a large degree of subjecfied SwissRe loss model, they were able to reproduce the
tivity as to the limits of the perturbations and how to assign aloss-return period curve (hereafter referred to as the “loss
return period to such events. curve”) of the historical storms but with greatly reduced sta-
There is a growing interest in the use of dynamical cli- tistical uncertainty.
mate models for generating physically-realistic storms dif- Other studies have used simplified indices of loss in place
fering from what has been observed. The detailed windofloss models. Notably, a recent study by Donat et al. (2010)
fields demanded by catastrophe models require that high resssed a loss index, based on the cubed exceedance of maxi-
olution dynamical models are employed. Until recently, it mum wind speed above a quantile threshold, to explore the
has proven computationally unfeasible to generate the rebenefits of dynamical downscaling in storm loss estimation.
quired millennium-scale datasets of regional climate modelsComparing the loss index from ERA40-driven RCMs (a sub-
(RCMs) nested in global climate models (GCMs). Two pub- set of the present study) against historical loss data from the
lished studies have performed experiments with shorter RCMGerman market, they concluded that boundary-forced dy-
runs coupled to loss models. Schwierz et al. (2010) couplechamical downscaling provided superior loss estimates to us-
a Europe loss model with 30-yr time slices of wind data from ing the ERA40 data. Importantly, they also concluded that
two RCMs nested in two different GCMs to assess possiblethe performance of the ensemble mean was as good as the
changes to loss under an A2 emission scenario (Nakicenoviperformance of the best RCM.
et al., 1996). Under the constraint of working with just sev- The present analysis extends on the methodologies of
eral decades of data, they found a region-dependent increasge above studies in order to generate losses using wind
of up to 44 % in the annual expected loss and up to 104 % irfields from a large multi-model set of storms coupled to a
the expected 100-yr loss, with the largest losses in the cencommercially-operational loss model. The aim is to quan-
tral European latitudes. The loss was based on a Europeify uncertainty in the return levels of insured loss by using a
wide “market portfolio” — a portfolio representative of the multi-model storm set derived from high resolution dynam-
entire European insurance market. Heneka et al. (2006) reical models. Wind fields were derived from 22 model runs
solved wind fields at 1km resolution using the Karlsruher comprising 13 different 25 km RCMs forced at the boundary
Atmospheric Mesoscale Model for 30 severe storms betweely either ERA40 or one of four coupled ocean-atmosphere
1971 and 2000 to assess damage risk to the German state GiCMs. RCM wind speeds for each model were first down-
Baden-Wirttemberg. They created loss exceedance probascaled to 7 km using 7 km surface roughness length and orog-
bility curves at the community level with an annual expectedraphy data then statistically scaled to a set of 7 km modelled
loss to the region of 15 million Euro. historical storms (Sect. 3). The resulting 22 calibrated storm
Three recent studies have investigated the use of coarsejatalogues were coupled to a commercially operational loss
resolution GCMs for estimating loss from European winter model for estimating the return levels of loss to a Europe-
storms. Of the three studies, two have used climate chang@ide population density-derived portfolio (Sect. 4). When
GCM experiments coupled with loss models. Leckebuschaveraged across the 22 climate models, the return levels of
et al. (2007) regressed loss data with maximum 10 m windioss show close agreement with the historical storm set. The
speed using four GCMs for present and future climate con-spread between the models provides an estimate of the sam-
ditions. They found an expected increase in loss of up topling uncertainty arising from the limited size of the histori-
37 % for the late 21st Century compared with present daycal storm catalogue.
Pinto et al. (2007) applied a similar technique to estimate
storm losses from a 3-member ensemble of a single GCM
forced by two emission scenarios. The loss model was cali?2 Data
brated using wind data from the ERA40 analyses with Ger-
man loss data. They found increases in the mean storm loss@hroughout this paper, we refer to the 72-h storm “footprint”.
in northern and western central Europe, the highest being &his is the maximum wind speed at each location over a
49 % increase in Germany, and decreases in the south. Dell&2-h period. Seventy-two hours was chosen as reinsurance
Marta et al. (2010) took a different approach by examining contracts commonly define a single event as damages occur-
whether an ensemble of seasonal forecast model runs froming within a 72 h period and it is enough time for a storm
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to completely pass over the western European region. This A threshold of 11 ms! was used, this being the mean
creates the possibility that a single 72-h footprint may have90th percentile of the six-hourly wind footprints, or the aver-
resulted from more than one extra-tropical cyclone crossingage of the value that was exceeded by ten percent of the grid
the domain. Choosing a shorter period raises the risk thapoints for each storm footprint. Many similar SSIs have been
a single extratropical cyclone could generate more than onesed previously in the literature (Della-Marta et al., 2009;
storm event, thereby violating the independence requiremenbDonat et al., 2010; Leckebusch et al., 2008) as well as in
of the extreme value analyses undertaken in this study (Paludefining financial contracts based on parameters of observed

tikof et al., 1999). or modelled wind speed (usually referred to as “Catastro-
o phe Bonds”). Our SSl is similar to that of Leckebusch et
2.1 The historical storm set al. (2008) who used cubed wind speeds normalised by a lo-

o . cal quantile. The underlying assumption of their approach is
The original European windstorm catastrophe model of Party, ¢ 5 particular wind speed would be expected to cause more
nerRe, made operational in 2006, used a set of 100 hiSgamage in areas with lower mean wind. We have not found
torical storms modelled with a high-resolution numerical o\jgence of this variation within a country in our own analy-
weather prediction (NWP) model, which assimilated avail- gis of insurance loss data, but our damage transfer functions

able observations over a 72-h period for each storm. Thegect 4) do vary between countries. Nevertheless, we did not
model was the Swiss implementation of the Lokal Modell yog¢ gther indices, but since we are using the SSI only to find

of the Consortium for Small Scale Modelling (COSMO), ¢ |argest storms, variations in the index are not so critical.
a non-hydrostatic model with 45 vertical layers run on a 41,4 largest storms were identified using the non-
rotated latitude-longitude grid at a horizontal resolution of overlapping 72-h periods with the highest SSI and with-
1/16 degree~7 km) (I;Qor::kel et a:jl. (2008)2- Tge ';“t'al s_etdof out any overlap with the original 100 PartnerRe historical
100 storms spanned the period 1957-2002, the perio COstorms. Budget and time constraints restricted the dynami-

res_ponding_ to the E.RA.A'O reanalyses (Uppala et al., 2005).,, downscaling to an additional 22 storms. The resulting set
which provided the '”'“?' af_‘d lateral boundary data. The ;¢ 131 gtormg comprises the PartnerRe historical storm cat-
storms were chosen subjectively through knowledge of larg logue, which includes objective selection of the 70 largest

historical insurance losses and qualitative examination %%torms in the ERA40 period based on their SSI. This histor-

weather maps. An additional nine storms were added thaltcal storm set is used in the present study to calibrate storms
occurred between 2002 and 2009. Storm footprints were Calfrom other models

culated from 10 m maximum wind gust, which uses a turbu-
lent gust parameterisation based on observations and derivefly,  The RCM data set
from just the lowest model level mean wind speed. Convec-

tive gusts are parameterised using the method of Schulz anflegional climate models nested in ERA40 reanalyses and
Heise (2003) a slight adaption of the method proposed bycoupled GCMs form the basis of this study (Table 1).
Nakamura et al. (1996). Daily model data were provided by the European Union-
In 2007 the historical storm set was extended to overcomg nded ENSEMBLES project (Christensen et al., 2008:
the subjectivity of storm selection in the initial 100 storms. http://ensembles-eu.metoffice.chmTransient RCM-GCM
Objective selection of the spatial!y largest and most intensgngdel runs were available from 1950 up to the middle or
storms was undertaken using six-hourly ERA40 dat.a antsng of the 21st Century, depending on the model (Chris-
these storms were dy_nammally downscaled to 7 km using thgansen et al., 2009); however, data were used up to the year
COSMO model. To find the largest storms, overlapping 72-2008 to compare with the historical storm set. All GCMs
h storm footprints were calculated starting every six hours.;se SRES A1B scenario emissions after the year 2000, ex-
From these a storm severity index (SSI) was derived base@ept for the ECHAM5-forced C4l RCM which uses the A2
on the latitude-weighted cubed exceedance above a thresRgenario. Although the 10 m maximum wind gust from the
old of the 72-h storm footprint over land (Eq. 1). historical storm set is used for calibration of RCM output, the
SS|= ZCOS% [max(0, wind; —threshold]3 Q) daily maximum 1.0 m mean wind speed frqm the RCMs was
- used, since maximum wind gust was available for only half
) o ] o . of the models. Instead, a consistent offline gust parameter-
At each grid point with latitude; wind; is the maximum jsation was applied to all models (Sect. 3.2). An additional
10m wind speed over the 72 h taken from six-hourly instan-model run by the University of Castilla-La Mancha (UCLM)
taneous values. While using instantaneous values created thg Spain was not used after it was discovered that the data
possibility of aliasing of the maximum wind field, whereby sayed as the maximum daily wind speed were in fact instan-
a storm front moved more than one grid box in six hours, taneous values (E. Sanchez, personal communication, 2009).
this was preferable to using the six-hourly maximum 10m  the output of all models, except the data provided by
gust, which is problematic in areas of high surface roughnesgecherche en Brision Nungrique (RPN), was provided on
(Della-Marta et al., 2009). the native model grid, which varied by model. RPN provided
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Table 1. Period of regional climate model runs with their driving global model.

Institution RCM GCM
ERA40 HadCM3 ECHAM5  ARPEGE BCM

C4l Community Climate Change Consortium for Ireland RCA3 1961-2000 1951-2008 1951-2008
CHMI The Czech Hydrometeorological Institute ALADIN 1961-2000
CNRM Centre national de la recherche scientifique RM4.5 1958-2001 1950-2008
DMI Danish Meteorological Institute HIRHAMS5 1958-2002 1951-2008
ETHZ Swiss Federal Institute of Technology, Zurich CLM 1961-2000 1951-2008
KNMI Royal Netherlands Meteorological Institute RACMO2 1958-2002 1950-2008
METNO  Norwegian Meteorological Institute HIRHAM 1961-2000 1951-2008
METO UK MetOffice HadRM3Q3 1959-2002
METO UK MetOffice HadRM3Q16 1959-2002
METO UK MetOffice HadRM3QO0 1959-2002 1951-2008
MPI Max Planck Institut fir Meteorologie REMO 1961-2000 1951-2008
RPN Recherche en &vision Nungérique GEMLAM 1961-2000
SMHI Swedish Meteorological and Hydrological Institute RCA 1961-2000

their data interpolated to a 0.25 degree Cartesian latitude- -~
longitude grid. The models run by Centre National de la
Recherche Scientifigue (CNRM) and the Czech Hydromete-
orological Institute (CHMI) employed a 25 km Lambert Con-
formal grid and all other models used a 0.22 degree rotated-
pole grid with the North Pole at 39.28l, 162 W.

2.3 The insurance portfolio

The input data for catastrophe risk models are typically a ta-
ble of insured values (hereafter referred to as “values”) for
each of many locations. Locations usually coincide with re-
gional administrative boundaries (e.g. postcodes), but geo-
graphic resolution varies by country. In this study a sample
Europe-wide portfolio was created based on population den-
sity for the following countries: Germany, United Kingdom,
France, Netherlands, Norway, Sweden, Ireland, Belgium,
Denmark, Luxembourg, Switzerland, and Austria. Gridded
population density on a 2.5 arc-minute grid (GPWv3, 2005)
was mapped onto the locations supported by the PartnerRe
European wind model using the nearest neighbour to create
the geographic distribution of value (Fig. 1). The units are
1000x no. of people km?, but since all losses are reported
here as percent of the total portfolio value, the absolute magFig- 1. The geographic distribution of insured value in the popula-
nitude of the values is irrelevant. The portfolio contains no tion density-derived portfolio. Units are people kehx 1000.
insurance deductible (the first part of the loss paid by the pol-

icy holder), so all losses reported are the gross or “ground- ) o
up” loss. the RCM data was required. A two-stage calibration process

was employed: roughness length and orography-dependent
downscaling of the RCM footprints to the same grid as the
historical storm set (Sect. 3.2); then statistical scaling of
the footprints (Sect. 3.3). Model calibration resulted in the
Climate models vary in their physical representation of rele-RCM wind speeds being statistically comparable to the his-
vant processes. For the thirteen ERA40-forced RCMs, botttorical set, from which our damage transfer functions were
the median and the 90th percentile of maximum daily wind derived. Note that we are not interested in calibrating the
speed over land varied by almost a factor of two amongst thenodels against observations, since our damage transfer func-
RCMs for the period 1961-2000. Therefore calibration of tions were derived from wind fields of the historical storm

5000 20000 80000 320000 1280000

5120000

3 Model calibration
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set and not from observations. If the historical storm set
contains a wind speed bias, such as under representing the

25km sustained wind at 100m (U1q0)

M—» 7km sustained wind at 100m

most extreme wind speeds, then this bias needs to be car-
ried through to the RCMs. A fundamental assumption of our

study is that climate models with possibly differing storm [[25km sustained wind at surface (Us) [7km sustained wind at surface (Uner)
climatologies can be calibrated. Such an approach follows

from Della Marta et al. (2010) (Sect. 1) with the additional

step of using the objectively-selected largest 70 storms in the

candidate (RCM) and target (historical) distributions of the 7km x:t”:j::;";jjg’:;:fw’
calibration.

7km orography

7km wind gust at surface (Ugys)
with 7km orography

3.1 Identifying the largest storms

Statistical scaling relationships (Sect. 3.3) were defined us-
|ng' the base period 196_1_2000 fpr which a_” quels and hls'Fig. 2. Schematic of the process of downscaling of the RCM 25 km
torical storms were available. Since the historical storm set,.on wind speed to 7 km wind gust speed.
captured the 70 storms with the highest SSI (Sect. 2.1 — here-
after referred to as “largest storms”), our calibration was per-
formed by matching the wind speed distribution (Sect. 3.3)(z,er) assuming a logarithmic wind profile (Eq. 2) (Wieringa,
of the largest 70 storms in each model over the base period976).
with those from the historical set.

The largest 70 storms for each RCM and the historicalUb:Uref|og<z_b>/|og<ﬁ) 2)
storm set in the base period were first identified. To do this, 20 20
a Sﬁl was ]f:alcula;ed for thi 131d historicacli stoLmsband for Although this equation was derived for mean wind speeds
each RCM for each running four-day period in the base pe-. . L . . ; '
riod. Since only daily RCM data were available, we used it is applied in this study using the maximum daily mean

four day maximum wind speed for the RCM storm footprints wind speed. Blending heights used in the literature for ex-

. . i . Wieri 197 Eg. (2
in order to capture 72-h storms spanning four calendar dayéDosure correction vary leringa (1976) suggests Eq. (2)

The storm identification method was identical to as discussec;iS appropriate for blending heights between 60m and 100m

. n high wind speeds over rough homogenous terrain. Mc-
earlier for ERA40 (Eq. 1), but a model-dependent threshold :
was used. For the historical set, the threshold used was thNaughton and Jarvis (1984) used 100m and de Rooy and

mean 90th percentile of the 131 storm footprints. For theROk (2004) used 140m, but suggest that, although exact

. : heigh itical ical i Il
RCMs the 131 highest non-overlapping (separated by at leas eights are not critical because vertical gradients are sma

four d | f the 90th tile of the st footpri ta{t these heights, higher values are more appropriate for near-
vf/)grre :zz)r;/geudesn?ain; ining F;:?)rrfsirs]tleigy Wﬁﬁ’ gLTh?SC;OF;irc':glneutral and unstable conditions. In the present study 100 m
set methodology. Using this model-dependent threshold, thwas used, being the middle value of the above studies. The

. 00m footprint Up) was then linearly interpolated to the
_SSI f_or each RCM and four-_day period was calculated t07 km grid, from which the 7 km footprint at 10 m was cal-
identify the largest 70 storms in the base period.

culated using the 7km roughness length and the inverse of
Eqg. (2). An empirical gust model (Eq. 3) (Wieringa, 1973)
was applied to convert the maximum daily wind speed to

For the largest 70 storms in each RCM over the base pe[naxmum 3-5 fgusv wind gust speed using 2 length scale

riod, the 25 km storm footprints were downscaled to the 7 km(L) (r)f 9rSi90tmf, rre;]orrzjm;anged rtl)yIW|edr|nga (1973) as the most
rotated-pole grid of the historical storms. A schematic of appropniate for the data he analysed.
this downscaling process is presented in Fig. 2. Surfaceq; . _

i gust
roughness length datag) were not available for many of L ref
the RCMs. Therefore the 7 km effective surface roughnes:i/mean{H (1.42+O.301xIog<m74>)/log(g)} )
length from the COSMO model was used, which incorpo-
rates both land use and orographic form drag (Wood and A comprehensive discussion of this gust model and
Mason, 1993). The 7 km roughness length data were firstomparison with that of Beljaars (1987) can be found in
averaged into grid boxes representative of the 25 km grid forVerkaik (2000).
each model by assigning each 7 km grid point to its closest Downscaling from 25km to 7 km can also utilise addi-
25km grid point. With this upscaled roughness length thetional detail provided by the finer resolution 7 km orogra-
wind speed at a blending height of 100 @i,{ was calcu-  phy. A linear regression-based downscaling was applied,
lated from the wind speedief) at the 10 m reference height using the mean vertical gradient of horizontal wind speed

3.2 Downscaling
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(0.0077mstm™1). Since a vertical wind profile was not
available in the 7 km historical wind fields, the difference in

10 m wind gust speed in adjacent grid points with respect to
their difference in surface elevation was used. This gradi- z
ent was applied to the difference in the elevation between the ]
coarser 25km RCM elevation and the 7 km elevation. 1

500

50
|

3.3 Statistical scaling 0 10 20 30 40 50 60 70
Storm Rank

Statistical scaling of the downscaled 7 km RCM wind gust
speeds to the historical storm set was done individually for 5
each model by applying a quantile-dependent scaling factor
to match the statistical distributions of wind gust speed (here-
after referred to as just wind speed) of the 70 largest storms
(Eq. 4) (Della-Marta et al., 2010).

500
1

50
L

SslI

Windscaled = Fﬁslt Frem (Windunscaled 4)

T T T T T T T T
0 10 20 30 40 50 60 70
Storm Rank

Here, Fhist and Frcw are the empirical cumulative dis-
tribution function (ECDF) for the combined 70 largest his-
torical and RCM storm footprints respectively. ECDFs and gig 3. storm severity Index (SSI) fd@) variance-unadjusted and

scaling factors were calculated for prob_ability increments of p) variance-adjusted wind fields. The solid line is for the historical
0.0001. ECDFs were calculated according to Eq. (5). storms. Grey lines are the 22 individual RCMs with their median

. " (dashed).
number of elements in the samptet 1 Zl(xz' < (5)
i=1

Foy= p =

The scaling adopted a moving geographic window to re_to behave differently to the empirical model derived from the
move any geographic bias in the models. For each 10 by pghaximum mean wind (Eq. 3). The SSI comparnison .(F'g' 32)
block of grid points (70 by 70 km), scaling factors were cal- reveals that, whatever the cause, the statistical scaling tended
culated using all points in the 70' by 70 grid point (490 by to raise the mean storm intensity more than the extreme tail,

490 km) box centred on the target box. Due to the large gif-€videntin the lower SSi for the most intense storms (rank 1

ference in the distribution of wind over land and sea, scalings) %?d 'hltgher.tSS]Ic Igr sltormstwith rank 40t<';1]nd ?reat'er. q
was performed independently for land and sea. € Intensity ot the fargest Storms was therelore increase

Scaling the wind footprints as described above led to?y tscz?\h?gbthe standardt(tjﬁv;a(';lom of dthc? |nd£\é|d_ual lst:_)rm ss|
storms with lower variability in intensity than those in the ootprints by an amount that depended on théir relative

historical storm set (Fig. 3a). The SSI of the largest rescale ank i (Eq. 6). before applying the global CDF scaling

RCM storms was generally not as high as the largest his- g.4).
torical storms and the index did not decrease as quickly e ai -
with regards to the storm rank. There are several plausibl&; =a,-ﬁ,wherez is the storm rank (6)

explanations for this observation. Firstly, the coarse reso- ) )

lution parent GCMs may not be adequately resolving the Exponential functions= ande~"" were fit to a measure
most intense cyclones, which can therefore not be adequate§f variance of wind gust speed of the individual historic and
downscaled with the RCMs. Wernli et al. (2002) analysed RCM footprints respectively, as a function of the rank'he

the dynamics of storm Lothar using the T319L60-resolutionVariance measure used was a robust coefficient of variation
mesoscale model simulations of the European Centre fofRCOV —the median absolute deviation from the median di-
Medium-Range Weather Forecasts and found them of insuffivided by the median) for each storm footprint. This results
cient temporal and spatial resolution to study Lothar’s rapidin the highest wind speeds being intensified for the storms
intensification. However, this is an unlikely cause for the With the largest SSI. A robust measure of variance was used
SS| differences since the 7 km COSMO model used for thebecause the distribution of wind for each storm footprint was
historical storm set was also driven by ERA40, although it usually very positively skewed. Similar to the SSI (Fig. 3a)
also assimilated observations within the model domain. Secthe RCOV was, for the largest storms, generally higher for
ondly, even if the GCM were providing cyclones of sufficient the historical storms than the RCMs. After applying this
intensity for downscaling, the 25 km RCMs may still not be correction and the global CDF rescaling, the resulting SSI
able to generate as intense cyclones as the higher resolutidhatches much more closely the historical set for the most
7 km historical model. Finally, the physical parameterisationintense storms, but still yields storms with too high SSI for
of wind gust in the historical wind fields would be expected lower ranked storms (Fig. 3b).
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Fig. 4. Value-weighted mean transfer function to map wind speed

to damage ratio. Fig. 5. All-Europe losses for the RCM storm sets using the largest

250 storms from each RCM. Historical losses are given by black
points with some important historical storms represented by letters.
GPDs fitted to the individual RCMs are given by the grey lines with
4 The RCM storm sets and their damages their mean (dotted line). The solid black line is the GPD fit through
the historical losses, with 95 % confidence limits (dashed).
The scaling coefficients, calculated using the largest
70 storms in the base period 1961-2000, were applied to the
largest 250 storms in the full model period (Table 1). The The 22 RCM storm sets were implemented in the Part-
largest 250 storms were used so as to include the largest 4rerRe CatFocus® European wind loss model and the model
5 storms per year; a balance between computational time angas run with the European population density-derived prop-
ensuring that the largest damage-producing storms were n@rty portfolio (Sect. 2.3). PartnerRe’s loss model is conceptu-
missed. ally simple, taking as input the insured value at each location
While the scaling leads to the result that no wind speedge.g. postcode) and, for each storm in the set, finding the wind
in the rescaled storms within the base period will be greateispeed at the nearest grid point to each location, converting
than has been observed in history, there is still the possibilthis to a damage ratio then summing the damages across all
ity of having storms with higher SSI (and damages), as thidocations. The loss model maps wind speed to damage ratio
is dependent on both wind speed and area. Also the rescaltsing region-dependent transfer functions. A typical transfer
ing can produce higher wind speeds than has been observddnction is given in Fig. 4, which is a value-weighted sum of
in history for those models with their highest wind speedsthe regional transfer functions across the entire portfolio.
occurring outside the base period. An alternative method of A generalised Pareto distribution (GPD) was fitted to
calibration that permits the possibility of higher wind speedsthe historical storm losses and the losses from each of the
than has been observed in history would be to fit extremerRCM storm sets. Thresholds for the GPD were selected
value distributions to the highest wind speeds in the RCMby minimising the Anderson-Darling (AD) goodness-of-fit
and historical storm sets and then quantile match the windest (Choulakian and Stephens, 2001). The model-dependent
speeds with reference to these distributions. Della-Martamaximum allowable threshold was set to the 25th highest
et al. (2010) used such an approach to calibrate indices oOfposs in each model. Choulakian and Stephens (2001) show
storms between two models. It would be worth consideringthat the asymptotic critical values of the AD test can be
here, but the geographically-dependent calibration used hergsed for significance testing when there are at least 25 ex-
would require a robust automatic threshold detection algoceedences above the GPD threshold. With the optimum
rithm for peak-over-threshold extreme value distributions.  threshold, fitting GPDs to the historical and RCM storm sets
Since the wind speed of each RCM was independently caliosses produced good fits. For the historical and 21 of the
ibrated to the historical storm set, the set of 250 storms from22 RCM storm sets, the AD test accepted the null hypoth-
each RCM is considered as an alternative historical storm segsis of the losses being derived from the GPD at a prob-
to assess uncertainty in storm climatology. ability p > 0.5 (Choulakian and Stephens, 2001) with the
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Fig. 6. As for Fig. 5 but using only the 70 largest storms from each
RCM.

final RCM storm set significant gb > 0.38. Choulakian
and Stephens (2001) suggest a threshwld 0.1 for an
acceptable fit and provide critical values uppo- 0.5. If
fewer than 25 exceedences were permitted above the GP

threshold, the model-dependent threshold could be raised to

give a closer fit to the tail with a lower AD value, but signif-

> . o r
icance could not be easily assessed as critical values W0u|F§

change.
The GPD shape and scale parameters were estimated usi
the method of L-moments (Hosking, 1990). Della-Marta et

al. (2010) found that estimation using L-moments resulted in

lower biases in parameter estimates for small sample siz
than using maximum likelihood estimates.

Figure 5 shows the return period of modelled loss for the

historical and 22 RCM storm sets. Confidence limits in this
figure were determined by drawing random samples of th
length of the historical storm set from a GPD with the fit-

ted shape and scale parameters. The confidence limits are
therefore not meant to represent the parametric uncertaint¥

in GPD fitting, but rather the goodness of fit of the RCM

storm set losses to the GPD fitted to the historical storm set,

Confidence limits for the individual RCM GPDs have not

been included so as not to clutter the diagram, but would

be comparable in width to the historical set limits (dashed
lines) since they are derived from a similar length storm set
Figure 5 also includes the individual historical storms. The
empirical return period RPyears for a storm with a loss of
ranki is given by Eq. (7).

1
wherei = L

i’ years

RP ()
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Here the empirical distribution function of Coles (2001) is
used. Makkonen (2008) argues that, despite a long history of
proposed alternative functions, the formulation in Eq. (7) is
the only correct one.

Return levels of modelled loss (Fig. 5) for the mean of
the RCM storm sets (dotted line) are generally higher than
the historical storm set (solid black line) at all return peri-
ods, especially lower periods. Ideally our RCM calibration
should produce a loss curve that agrees with the historical
storm set, at least for low return periods where uncertainty is
lower in the empirical return period assigned to the historical
storms. The higher return level in the RCM storms indicates
possible inadequacies in our assumptions or methodology.
Firstly, our assumption that the historical storm set contains
the largest 70 historical storms in the base period was based
on an SSI derived from coarse scale ERA40 data. If we had
7 km storm footprints for the complete historical period (not
possible due to computational constraints), it is likely that
the 70 storms with the highest SSI would not match exactly
the 70 selected from the coarse scale data. Non-linear wind
indices, such as our SSI, are very sensitive to small changes
in the wind field at the region of highest wind speeds. Sec-
ondly, the largest 70 storms were used to derive scaling re-
lationships and these were applied to the largest 250 storms.
Despite applying an exponentially decaying scaling of the
wind field variance based on their SSI rank (Sect. 3.3), in-

rmediate storms are being scaled such that their losses are
00 high. The higher SSI in the rescaled RCM wind fields
compared with the lower order historical storms (Fig. 3b —
nk 45 and higher) suggests this is likely a problem. There-
re, to be able to use the largest 250 storms from the RCMs,
more historical storms are needed against which to calibrate.

I:&qternatively, another method to preprocess the RCM wind

fields to better match the historical SSI is necessary. Thirdly,
the higher losses in the rescaled RCMs may be indicative of
wind fields that are simply too different in physical character
to the historical fields, having been derived from an empir-
ical gust parameterisation applied to daily maximum mean
wind speed compared with the more physically based turbu-

Sent and convective parameterisations in the COSMO model.

While the lower order moments of the 25 km RCM maximum
ean wind were pre-processed to be closer to the historical
km maximum wind gust, the downscaled fields may still be
too spatially broad to give return levels of loss identical to

m

the historical set. Again, the loss is a non-linear (cubic poly-
nomial in log-log space) function of wind speed and very
sensitive to the magnitude and shape of the wind field.

Taking only the largest 70 storms in the RCM storm sets
brings the return period curve of the mean of the RCM storm
sets much closer to the historical (Fig. 6). The mean RCM
curve lies well within the confidence bounds of the historical
set for all return periods. This suggests that our second con-
cern above, that we can't use the largest 250 storms from the
RCMs when we have only the largest 70 historical storms for
calibration, is an important conclusion.
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Fig. 7. Wind footprints for the RCM storms with the four highest Iossesrﬂﬂ)s(a) SMHI RCA ERA40 1990-01-23(b) RPN GEMLAM
ERA40 1990-02-26(c) METO HadRM3Q0 HadCM3QO0 2003-11-14 afd) METO HadRM3Q0 HadCM3QO0 2008-03-03.

Fig. 8. Circa 50-yr return level of wind gust (nT$) for the (a) historical (rank 1 grid-point wind speed) arll) RCM (mean rank 1
grid-point wind speed) storm sets.
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Table 2. Modelled damage ratios (% of total value) to the European +960-2000. Therefore, a key assumption of the calibration
population density-derived portfolio using the RCM and historical 'S that wind scaling factors were defined based on matching
storm sets. the 70 largest storms in each model over the base period with
the historical storm set. Without such a point of reference,
years Historical min(RCM) mean(RCM) max(RCM) Mmatching two storm sets becomes a more subjective process.

By identifying and ranking storms in the RCMs and his-

1 0.005 0.003 0.005 0.007 . . . .
torical storm set using a model-dependent SSI, wind scaling
2 0.009 0.006 0.009 0.015 f lculated usi he | 70 in the 40
5 0.014 0.011 0.015 0.023 actors were calculated using the largest 70 storms in the 40-
10  0.019 0.015 0.020 0.030 yr base period 1961-2000 for which all models were avail-
25 0.027 0.021 0.028 0.042 able. These scaling factors were applied to the largest 250
50 0.033 0.025 0.035 0.056 storms in each RCM for the period 1950-2008. When run
100 0.041 0.029 0.043 0.077 through the PartnerRe CatFocus® European wind catastro-
250 0.052 0.032 0.057 0.117 phe model with a Europe-wide population density-derived

property portfolio, the mean of the RCM storm sets gave loss
return levels that were higher than for the historical set. We
The footprints of the RCM storms with the four highest Suspect this was primarily due to limitations of extrapolat-
losses are shown in Fig. 7. The largest two storms, driven byng the SSI-dependent scaling relationships developed with
the ERA40 reanalyses, have historical counterparts: Daria ithe largest 70 storms out to the largest 250 storms, but could
1990 (also the largest historical loss — Fig. 5) and Wiebke 2SO be partly due to our historical storm set lacking some
also in 1990. The 3rd and 4th highest losses are from GccmOf the largest storms. Selecting the largest 70 storms in each
forced models and therefore do not have historical origins Model gave a much closer match in return levels between the
Both these artificial storms incur large losses due to their higrhistorical and mean of the RCM storm sets.
impact over London and southeast Eng|and_ While the calibration has y|e|ded individual RCM storm
Using the RCM storm sets with the largest 70 storms, ex-S€ts whose mean Europe-wide loss curve is close to a GPD
pected |osses to our popu|ation density_derived portfo"o atﬂtted to the hiStOI’ical set IOSSGS, we W0u|d not eXpeCt th|S
various return periods are presented (Table 2). The advarf® be the case for smaller regional insurance portfolios. The
tage Of using the RCM storm sets for risk assessment is ||benef|t of USing the RCM storm sets for riSk assessment be'
lustrated in Fig. 8, which shows the empirical circa 50-yr cOmes much more apparent for smaller portfolios where sam-
return level of wind speed for the historical and RCM storm Pling uncertainty from a 50-yr historical storm set is much
sets over France. This was calculated as the maximum windligher. Such portfolios may have only seen a couple of large
at each grid point for the historical set and the mean of thelosses in the last 50 yr, or even been lucky enough to miss out
RCM maximum grid-point wind speeds. For the historical On direct storm hits entirely.
set (Fig. 8a), the east-west lineation reflects the tracks of indi- o
vidual storms, with the 1999 storm Lothar across the north of"*cknowledgementsThe ENSEMBLES data used in this work was
the country and the 1999 and 2009 storms Martin and KlauéunOIed by the EU FP6 Integrateq Project ENSEMBLES (Contract
in the southwest. The RCM mean (Fig. 8b) return levels arenumber 505539) whose support s gratefully acknowledged.
smoother due to the 20-fold increase in the number of storms: itaq by: U. Ulbrich

sampled. Reviewed by: M. K. Kunz and two other anonymous referees

5 Conclusions References

We have demonstrated here an end-to-end study that has usg@ljaars, A. C. M.: The influence of sampling and filtering on

22 RCM runs to produce statistically-homogenous sets of measured wind gusts, J. Atmos. Ocean Tech., 4, 613-626,

storms useful for quantifying storm risk to an insurance port-  doi:10.1175/1520-0426(1987)028613:TIOSAFR-2.0.CO;2

folio. Like many such studies, subtle decisions at the front 1987.

end of the process (mode| Ca"bration) can have |arge impact§h0U|akian, V. and Stephens, M. A.: Goodness-of-fit tests for the

at the outcome (risk assessment). This illustrates the great S;'_”leor""llilzgeglozirggO%if;rizté‘;'[izosr‘?fzggfh”Ome”ics’ 43, 478-484,

benefit brought by appllcatllon—d-rlven a.nalyses. Christensen, J. H., Boberg, F., Christensen, O. B., and Lucas-
The greatest challenge in this multi-model study was to

lib he individual del b | Picher, P.: On the need for bias correction of regional climate
calibrate the individual models to a common base. It was change projections of temperature and precipitation, Geophys.

critical that this step required a point of reference: that it Res. Lett., 35, L207090i:10.1029/2008GL035692008.
was objectively determined from an analysis of ERA40 wind christensen, J. H., Rummukainen, M., and Lenderink, G.: For-

data that the high resolution historical storm set contained mulation of very-high-resolution regional climate model ensem-
the 70 storms with the highest SSI in the calibration period bles for Europe, in: ENSEMBLES: Climate Change and its Im-

Nat. Hazards Earth Syst. Sci., 11, 282857 2011 www.nat-hazards-earth-syst-sci.net/11/2847/2011/


http://dx.doi.org/10.1175/1520-0426(1987)004<0613:TIOSAF>2.0.CO;2
http://dx.doi.org/10.1198/00401700152672573
http://dx.doi.org/10.1029/2008GL035694

M. R. Haylock: European extra-tropical storm damage risk 2857

pacts: Summary of research and results from the ENSEMBLESNakamura, K., Kershaw, R., and Gait, N.: Prediction of near-
project., edited by: van der Linden, P. and Mitchell, J. F. B., Met  surface gusts generated by deep convection, Meteorol. Appl., 3,

Office Hadley Centre, Exeter, UK, 47-58, 2009. 157-167d0i:10.1002/met.5060030206996.
Coles, S.: Anintroduction to statistical modeling of extreme values,Nakicenovic, N., Gruebler, A., Ishitani, H., Johansson, T., Marland,
Springer series in statistics, Springer, London, 2001. G., Moreira, J. R., and Rogner, H. H.: Energy Primer, in: Cli-

de Rooy, W. C. and Kok, K.. A combined physical- mate Change 1995, Impacts, Adaptation and Mitigation of Cli-
statistical approach for the downscaling of model wind mate Change: Scientific-Technical Analyses, edited by: Watson,
speed, Weather Forecast., 19, 485-495, 10.1175/1520- R.T., Zinyowera, M. C., and Moss, R. H., Cambridge University
0434(2004)019;0485:ACPAFT,2.0.CO;2, 2004. Press, Cambridge, UK, 1996.

Della-Marta, P. M., Mathis, H., Frei, C., Liniger, M. A., Kleinn, J., Palutikof, J. P., Brabson, B. B., Lister, D. H., and Adcock, S. T.: A
and Appenzeller, C.: The return period of wind storms over Eu-  review of methods to calculate extreme wind speeds, Meteorol.
rope, Int. J. Climatol., 29, 437—-45@0i:10.1002/joc.17942009. Appl., 6, 119-132¢0i:10.1017/S135048279900110399.

Della-Marta, P. M., Liniger, M. A., Appenzeller, C., Bresch, D. Pinto, J. G., Fohlich, E. L., Leckebusch, G. C., and Ulbrich,
N., Koellner-Heck, P., and Muccione, V.: Improved estimates U.: Changing European storm loss potentials under modified
of the European winter wind storm climate and the risk of rein-  climate conditions according to ensemble simulations of the
surance loss using climate model data, J. Appl. Meteorol. Clim., ECHAMS5/MPI-OM1 GCM, Nat. Hazards Earth Syst. Sci., 7,
49, 2092-202050i:10.1175/2010JAMC2133.2010. 165-1754d0i:10.5194/nhess-7-165-20@007.

Donat, M. G., Leckebusch, G., Wild, S., and Ulbrich, U.: Bene- Rockel, B., Will, A., and Hense, A.: The regional climate
fits and limitations of regional multi-model ensembles for storm  model COSMO-CLM (CCLM), Meteorol. Z., 17, 347-348,
loss estimations, Clim. Res., 44, 211-2@6i:10.3354/cr00891 doi:10.1127/0941-2948/2008/03(008.

2010. Schulz, J. P. and Heise, E.: A new scheme for diagnosing near-
Enz, R., Zimmerli, P., and Schwartz, S.: Natural catastrophes and surface convective gusts, COSMO Newsletter, 3, 221-225, 2003.
man-made disasters in 2008, Swiss Reinsurance Company LimSchwierz, C., Koellner-Heck, P., Zenklusen Mutter, E., Bresch, D.
ited, Zurich, 2/2009, 41, 2009. N., Vidale, P., Wild, M., and Schaer, C.: Modelling European

GPWv3: Gridded Population of the World Version 3, Socioeco- winter wind storm losses in current and future climate, Clim.
nomic Data and Applications Center (SEDAC), Columbia Uni-  Change, 101, 485-51d0i:10.1007/s10584-009-9712-2010.

versity, Palisades, NY, 2005. Uppala, S. M., Kallberg, P. W., Simmons, A. J., Andrae, U., Bech-
Guy Carpenter: Windstorm Erwin/Gudrun — January 2005, Guy told, V. D., Fiorino, M., Gibson, J. K., Haseler, J., Hernandez,
Carpenter & Company, New York, 2005. A., Kelly, G. A,, Li, X., Onogi, K., Saarinen, S., Sokka, N., Al-

Hall, T. M. and Jewson, S.: Comparison of Local and lan, R. P., Andersson, E., Arpe, K., Balmaseda, M. A., Beljaars,
Basinwide Methods for Risk Assessment of Tropical Cy- A. C. M., Van De Berg, L., Bidlot, J., Bormann, N., Caires, S.,
clone Landfall, J. Appl. Meteorol. Clim., 47, 361-367, Chevallier, F., Dethof, A., Dragosavac, M., Fisher, M., Fuentes,
doi:10.1175/2007JAMC1720,.2008. M., Hagemann, S., Holm, E., Hoskins, B. J., Isaksen, L., Janssen,

Heneka, P., Hofherr, T., Ruck, B., and Kottmeier, C.: Winter P. A. E. M., Jenne, R., McNally, A. P., Mahfouf, J. F., Morcrette,
storm risk of residential structures — model development and J. J., Rayner, N. A,, Saunders, R. W., Simon, P., Sterl, A., Tren-

application to the German state of Baderiittemberg, Nat. berth, K. E., Untch, A., Vasiljevic, D., Viterbo, P., and Woollen,
Hazards Earth Syst. Sci., 6, 721-788j:10.5194/nhess-6-721- J.: The ERA-40 re-analysis, Q. J. Roy. Meteor. Soc., 131, 2961—
2006 2006. 3012,d0i:10.1256/qj.04.176005.

Hosking, J. R. M.: L-moments: analysis and estimation of distri- Veerkaik, J. W.: Evaluation of two gustiness models for exposure
butions using linear combinations of order statistics, J. R. Stat. correction calculations, J. Appl. Meteorol., 39, 1613-1626,
Soc., 52B, 105-124, 1990. doi:10.1175/1520-0450(2000)032613:EOTGMFE-2.0.CO;2

Lamb, H. H. and Frydendahl, K.: Historic storms of the North Sea, 2000.

British Isles and Northwest Europe, edited by: Frydendahl, K., Wernli, H., Dirren, S., Liniger, M. A., and Zillig, M.: Dynami-
Cambridge University Press, Cambridge, UK, 204 pp., 1991. cal aspects of the life-cycle of the winter storm “Lothar” (24—
Leckebusch, G., Ulbrich, U., Froelich, L., and Pinto, J. G.: 26 December 1999), Q. J. Roy. Meteor. Soc., 128, 405-428,

Property loss potentials for European mid-latitude storms doi:10.1256/003590002321042Q032002.
in a changing climate, Geophys. Res. Lett.,, 34, L05703,Wieringa, J.: Gust factors over open water and built-up country,
doi:10.1029/2006GL027662007. Bound.-Lay. Meteorol., 3, 424-44140i:10.1007/BF01034986

Leckebusch, G., Renggli, D., and Ulbrich, U.: Developmentand ap- 1973.
plication of an objective storm severity measure for the northeastWieringa, J.: An objective exposure correction method for average

Atlantic region, Meteorol. Z., 17, 575-58dpi:10.1127/0941- wind speeds measured at a sheltered location, Q. J. Roy. Meteor.
2948/2008/03232008. Soc., 102, 241-2530i:10.1002/qj.49710243112976.

Makkonen, L.  Bringing closure to the plotting posi- Wood, N. and Mason, P. J.: The pressure force induced by neutral
tion controversy, Commun. Stat. Theory, 37, 460-467, turbulent flow over hills, Q. J. Roy. Meteor. Soc., 119, 1233—
d0i:10.1080/03610920701653Q%RD08. 1297,d0i:10.1002/qj.49711951402993.

McNaughton, K. G. and Jarvis, P. G.: Using the Penman-
Monteith equation predictively, Agr. Water. Manage., 8, 263—
278,d0i:10.1016/0378-3774(84)90057-X984.

www.nat-hazards-earth-syst-sci.net/11/2847/2011/ Nat. Hazards Earth Syst. Sci., 1285347611


http://dx.doi.org/10.1002/joc.1794
http://dx.doi.org/10.1175/2010JAMC2133.1
http://dx.doi.org/10.3354/cr00891
http://dx.doi.org/10.1175/2007JAMC1720.1
http://dx.doi.org/10.5194/nhess-6-721-2006
http://dx.doi.org/10.5194/nhess-6-721-2006
http://dx.doi.org/10.1029/2006GL027663
http://dx.doi.org/10.1127/0941-2948/2008/0323
http://dx.doi.org/10.1127/0941-2948/2008/0323
http://dx.doi.org/10.1080/03610920701653094
http://dx.doi.org/10.1016/0378-3774(84)90057-X
http://dx.doi.org/10.1002/met.5060030206
http://dx.doi.org/10.1017/S1350482799001103
http://dx.doi.org/10.5194/nhess-7-165-2007
http://dx.doi.org/10.1127/0941-2948/2008/0309
http://dx.doi.org/10.1007/s10584-009-9712-1
http://dx.doi.org/10.1256/qj.04.176
http://dx.doi.org/10.1175/1520-0450(2000)039<1613:EOTGMF>2.0.CO;2
http://dx.doi.org/10.1256/003590002321042036
http://dx.doi.org/10.1007/BF01034986
http://dx.doi.org/10.1002/qj.49710243119
http://dx.doi.org/10.1002/qj.49711951402

