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Grand challenges in modelling hydrometeorological hazards

How to represent time-varying storm rates?
How to model clustering of events important for large aggregate losses?
How to model the dependency between the number and intensity of hazards 
which has a large impact on aggregate losses (collective risk)?
How to deal with imperfect data sources: short observational records, 
inhomogeneities, climate model errors, etc.?

This talk will attempt to cover some of these issues relevant to storm and 
flood risk by illustrating the issues on extra-tropical storms. 

Recent scientific work on clustering and dependency will be reviewed that 
have important implications for how the insurance industry calculates 
financial losses due to such events. 
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355,460 eastward cyclone tracks identified using TRACK software
Extended 6-month winters (1 October - 31 March)
6 hourly NCAR/NCEP reanalyses from 1950-2003

Mean transit counts (per month) Stormtracks of Dec 1989-Feb1990
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Tracks of minima in sea-level pressure 
Dec 1989 - Feb 1990
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Tracks of maxima in 850mb vorticity
Dec 1989 - Feb 1990

Example:
Wind speed of 15 m/s and radius 
of 500 km vorticity of 6x10-5 /s.
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Why use vorticity?

More prominent small-scale 
features allow earlier detection

Much less sensitive to the 
background state

Directly linked with low-level winds 
(through circulation) and 
precipitation (via vertical motion)



Transits +/-100 of Nova 
Scotia (45°N, 60°W) 

Transits +/-100 of Berlin 
(52°N,12.5°E) 

Fairly regular over N. America but strongly clustered over Europe
Processes that can lead to clusters:
H0: Random sampling
H1: Rate-varying process (hazard rate varies in time)
H2: Clustered process (one event spawns the next)
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Oct-Mar counts of storms passing 10oN/S of Berlin

Varies more than expected for a fixed-rate Poisson process (var= mean)
Substantial overdispersion in counts of 22% (variance/mean-1)
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Varies more than expected for a fixed-rate Poisson process (var= mean)
Substantial overdispersion in counts of 31% (variance/mean-1)

Oct-Mar counts of storms passing 10oN/S of London



Effect of clustering on the count distribution

Simple measure of overdispersion:

=0  for Poisson counts with constant rate (as in CAT simulations)

1
Mean

Variance
=

Artificial simulation of 10000 counts:
Blue curve = Poisson distribution with mean=15
Histogram = Negative binomial with 

overdispersion of 0.9

More chance of large number of
storms occurring in a winter!
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Mean and dispersion of monthly counts

Units:
counts/month Units: %

1
2

n

s n

Green lines outline area with 
>5 storms/month passing 20° N-S line

Mailier, P.J., Stephenson, D.B., Ferro, C.A.T. and Hodges, K.I. (2006):
Serial clustering of extratropical cyclones, Monthly Weather Review, 134, pp 2224-2240

Substantial overdispersion over western Europe
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05/1999: RPI Workshop on Hedging with weather derivatives. Talk on North Atlantic Oscillation . 

05/2000: RPI workshop on Extreme European Wind Storms and Floods. Talk presented on "Storm 
seriality and point process models" 

MRes dissertation, Department of Meteorology, University of Reading, UK. 
Brady, C.J. (2000), A dynamical and statistical investigation into serial storms

05/2003 09/2004: RPI project on The clustering of North Atlantic storms

Mailier, P.J., Stephenson, D.B., Ferro, C.A.T. and Hodges, K.I. (2006): Serial clustering of 
extratropical cyclones, Monthly Weather Review, 134, pp 2224-2240. 21 citations and growing! 

Seierstad, I.A., Stephenson, D.B., and Kvamsto, N.G. (2007): How useful are teleconnection patterns 
for explaining variability in extratropical storminess? Tellus A, 59 (2), pp 170 181 

Kvamsto, N-G., Song, Y., Seierstad, I., Sorteberg, A. and D.B. Stephenson, 2008: Clustering of 
cyclones in the ARPEGE general circulation model, Tellus A, Vol. 60, No. 3.), pp. 547-556.

02/2006: Willis Research Network conceived as academic partnership at U. of Reading

04/2007: I relocate to U. of Exeter to take up a Chair in Statistical Analysis of Weather and Climate. 

Vitolo, R., Stephenson, D.B., Cook, I.M. and Mitchell-Wallace, K. (2009): Serial clustering of intense 
European storms, Meteorologische Zeitschrift, Vol. 18, No. 4, 411-424.

2010/11: Creation of the Exeter storm risk group ...
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Polar-Eurasian
North Atlantic

Oscillation 
(NAO)       

Scandinavian    

Pacific 
North America            East Atlantic E. Atl/W. Russian

Leading rotated EOFs of 
700mb geopotential height
Source: Gerry Bell, 
NCEP/CPC 

Can teleconnection patterns account for the overdispersion?



Statistical regression modelling of storm counts

Poisson regression

= number of storms, e.g. monthly counts of windstorms.

= time-varying, flow dependent rate.

= large-scale teleconnection indices (covariates).

GLM maximum likelihood estimation of ß0, ßk
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Index p-val
NAO 2.8% 0.38
EAP 5.3% 0.08
SCA -8.8% 0.002
EAWR  -4.6% 0.08

Summary:
SCA pattern is most important here
NAO is least important 
Indices account for all overdispersion
Indices account for the long-term trend
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Sensitivity of storm counts to teleconnections

NAOPEU SCA

PNA EAP EA/WR

More than one pattern is needed to capture regional storminess changes 
Mailier, P.J., Stephenson, D.B., Ferro, C.A.T. and Hodges, K.I. (2006): Serial clustering of extratropical cyclones, Monthly Weather Review, 134, pp 2224-2240 
Seierstad, I.A., Stephenson, D.B., and Kvamsto, N.G. (2007): How useful are teleconnection patterns for explaining variability in extratropical storminess? Tellus

A, 59 (2), pp 170 181

k
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SLP ANOMALYMean SLP 15Dec-5Jan

Saunton sands, N. Devon 5 Jan 2010
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Source:
http://www.esrl.noaa.gov/psd/data/histdata/
http://www.cpc.ncep.noaa.gov

Sea-level pressure anomaly

Mean sea-level pressure

http://www.esrl.noaa.gov/psd/data/histdata/
http://www.cpc.ncep.noaa.gov
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Daily NAO 1999-2002

Decadal proxy NAO 1050-2000



19

Is this because bus drivers really
love each other?

More to do with rate of arrival depending 
on time varying background traffic flow. 
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Reduction of overdispersion 1
2

n

s n

Overdispersion is fully accounted for by variations in rate
related to time variations in teleconnections

Units: 
%

under

under

Dispersion in counts Residual dispersion 
after regression on teleconnections
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Significant quasi-linear trend in storm counts
Trend reduces dispersion slightly from 31 to 28%

X

)n~Poisson(

10log

RegressionPoisson 

Time-varying distribution

Blue curve = Poisson fit
Grey shading = 95% Conf Int.

Red curve =  Lowess fit
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Substantial quasi-linear trend in numbers 20%/decade!
Trend reduces overdispersion from 36%

X

)n~Poisson(

10log

RegressionPoisson 

Extreme here is defined as storms
having vorticity exceeding 90th
percentile (i.e. top 10% most
intense storms)

Blue curve = Poisson fit
Grey shading = 95% Conf. Interval
Red curve =  Lowess fit
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Time trend in % per decade in storm counts

Time trend after teleconnections includedRobust trend in counts of extreme cyclones on the
poleward flanks of the storm tracks.

More detailed version of Fig 10d from:

Vitolo, R., Stephenson, D.B., Cook, I.M. and Mitchell-Wallace, K. (2009): 
Serial clustering of intense European storms, Meteorologische Zeitschrift, 
Vol. 18, No. 4, 411-424.



Dispersion of 
Dec-Mar counts:All storms

Most intense storms (top 20%)
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sn

Vitolo, R., Stephenson, D.B., Cook, I.M. and Mitchell-Wallace, K. (2009): 
Serial clustering of intense European storms, 
Meteorologische Zeitschrift, Vol. 18, No. 4, 411-424.



Residual dispersion
of fits to 3-month

counts

Residual dispersion for fit to all storms

Residual dispersion for fit to top 20% storms
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Black diamonds storms Xi
Blue line mean magnitude Y/N
Black solid line counts N

Y is sum of magnitudes of all 
storms passing in a winter i.e. 
the aggregate total. 

Y=X1+X2+ +XN

Mean X = Y/N

Important question:
Are the year-to-year variations 
in the mean magnitude Y/N
and the number of storms N
correlated?
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Variations in London counts and mean magnitude

Large correlation 0.37 between 
counts and mean magnitude that
is mainly due to interannual
variations rather than trends. 

364.0))/(,(

371.0)/,(

NYNcor

NYNcor
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XN

XXY N1

risk Collective?
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Number and magnitude of storms vary substantially from winter to winter
This variation in distributions is not taken into account in CAT models! 
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Correlation between N and X for all locations

Robust positive correlation over most of northern Europe!
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1. Use historical analyses to 
parameterise the hazard using a 
small set of key parameters;

2. Generate a large synthetic event set 
by stochastic simulation of the key 
parameters;

3. Given an insurer s vulnerability and 
exposure data, calculate the 
expected loss X for each synthetic 
storm

4. Compile a large event set table of 
annual rates and losses for all the 
synthetic events

5. Using the rates and losses, calculate 
the loss curve Pr(X>x) versus x

6. Use the loss curve to find the 200-
year loss i.e. x when Pr(X>x)=0.005
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How actuaries find the aggregate loss distribution

1. Get the number of storms N in a 
hypothetical year by drawing from a 
count distribution (e.g Poisson, Negative 
Binomial) with mean equal to the sum of 
the event rates;

2. Draw N values X1,X2,...,XN from the loss 
distribution estimated from the event set. 

3. Sum the N values to find the annual loss 
Y=X1+X2+ +XN 

4. Repeat steps 1-3 to get many annual 
losses from which we can calculate mean 
annual loss, exceedance probability 
curves for aggregate loss, etc.
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1. The losses are identically distributed:
The distribution of X1,X2,...,XN does not 
change in time:

Pr(Xi>u)=1-F(u) for i=1,2,...,N. 

2. The losses are independent of one another:
The X1,X2,...,XN are independent of one another:
e.g. Pr(X1>u & X2>v)=Pr(X1>u)Pr(X2>v);

3. The losses are independent of the counts:
The X1,X2,...,XN are independent of the counts N. 

Are any of these assumptions valid?? 

Counts
N

X1 X2 XN

dynamic background state

...

The assumptions are not valid for weather hazards 
conditional upon the dynamic state of the system! 
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Small correlation between N and X has a huge effect! 

Cor 0.02
Mean Y 30.4
200yr Y 169.2

Cor 0.19
Mean Y 28.6
200yr Y 257.7

257 much bigger
200-year loss than 
169 found when
no correlation!!  

Example: 10000 years simulated from Poisson and LogNormal distributions
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Why large aggregate losses are insensitive to clustering?
Reinsurer have found that changing the 
count distribution from Poisson to Negative 
Binomial makes little difference to the 
aggregate loss distribution. 

Why?? 

1. Financial platforms generally assume that 
losses Xi are identically distributed;

2. For identically distributed Xi.,clustering of 
counts of large Xi>u tends to 0;

3. Large events with X>u contribute the most to 
the extreme tail of the distribution of 
aggregate loss Y=X1+X2+ +XN 
Clustering of counts of all storms X>0 has 
little resulting effect on large aggregate 
losses

But are real world storm magnitudes 
identically distributed? 

If true, then the clustering of counts of more 
extreme storms should decrease with 
threshold. Does it? No! 

dispersion in counts.
90% prediction interval
dispersion from GLM fit

Vitolo, R., Stephenson, D.B., Cook, I.M. and Mitchell-Wallace, K. (2009): 
Serial clustering of intense European storms
Meteorologische Zeitschrift, Vol. 18, No. 4, 411-424.

Dispersion versus threshold u for Berlin
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Windstorms, tropical cyclones, and all other hydrometeorogical perils are 
influenced by large-scale flow patterns which vary in time. Hence, loss 
distributions are not identical they vary in time! This induces more clustering 
than one would find for independent and identically distributed losses.  

Teleconnection patterns can be used to account for trend and overdispersion 
in the WS counts BUT more than NAO needs to be used to account for 
regional variations. Potential predictability of rate possible due to a) short-term 
persistence in patterns (out to 1 month) and b) long term trends. Long-term 
decadal and climate change trends might lead to cross-peril dependency 
between EU windstorms and US Hurricanes. 

There has been a substantial trend in the rate of extreme EU windstorms over 
the past 50 years (based on NCAR/NCEP reanalysis data).

Current risk modelling platforms assume that the losses are identically 
distributed and this leads to severe underestimation of the effect of clustering 
in counts on extreme aggregate losses. 

Risk modelling platforms ignore completely the dependency between the loss 
magnitudes and the number of storms in a season/year. This can have a BIG 
effect on the tail of the aggregate loss distribution.
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Traditional assumptions of independence in CAT modelling are 
not valid for meteorological and hydrological hazards modulated 
by time-varying changes in the climate system;

There are many ways to model storm dependency and current 
approaches are failing to capture the main sources of additional
risk due to clustering of storms;

Current financial platforms are too restrictive to be able to 
account for these dependencies;

Aggregate loss estimates will likely increase in the future when
clustering is correctly accounted for. 
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1. Improved assessment and comparison of storm tracks from historical 
reanalyses e.g. NCAR/NCEP, ERA-40, ERA-Interim, NCEP CFS, NASA-
MERRA, JRA25; 

2. Improved assessment of trends and clustering in storm tracks in climate 
change projections e.g. CMIP5 runs;

3. Calibration of climate model tracks to produce new windstorm products. 

4. New stochastic methods for correctly incorporating clustering caused by 
varying rate into CAT modelling platforms; 

5. More research on number-magnitude correlations for well-known 
hydrometeorological perils e.g. windstorms, tropical cyclones, floods. 

6. More research into future changes in climate modes and their 
teleconnections on European extreme storms. 
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David Stephenson, Renato Vitolo, Chris Ferro, Mark Holland
Alef Sterk, Theo Economou, 
Alasdair Hunter, Phil Sansom

Key areas of interest and expertise:
Mathematical and statistical modelling of extratropical and tropical 

cyclones and the quantification of risk using concepts from 
extreme value theory, dynamical systems theory, stochastic 

processes, etc.
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Willis Research Network (initiated in 2006) collaboration with U. of Exeter

AXA research fund storm projects:
RACEWIN project clustering and dependency of EU windstorms
A seamless approach to assessing model uncertainties in climate projections of 

severe European windstorms University of Leeds

NERC Storm Risk Mitigation through Improved Prediction & Impact Modelling
TEMPEST project Testing and Evaluating Model Predictions of European 
STorms
DIAMET project - DIAbatic influence on Mesoscale structures in ExTratropical storms 
DEMON project - Developing Enhanced impact MOdels for integration with Next 
generation NWP and climate outputs 

EU PREDEX project predictability limit for extreme windstorms

IPCC 5th assessment:  Chapter 14 on Climate Phenomena and their relevance for 
Regional Climate Change. I am the lead author responsible for reviewing research since 
2006 on NAO/AO/NAM mode and European windstorms.

If you are interested in working with us then please contact me:
d.b.stephenson@exeter.ac.uk
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