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Introduction Simulation study

@ Extreme metocean conditions are vital for
constructing and deconstructing any offshore
structures.
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Adjusting for spatial dependency

Data simulated from a Smith max-stable model Areal Coefficient 6y (Coles and Tawn, 1996) :

(Smith, 1990)
Y; = max{§if(si, t)}
|
@ & represents the magnitude of a storm
o f(s;,t)=fo(s—t) ~ MVN(s,X)
Key characteristics of the data set :

@ Working again in Gumbel margins.

e Uncertainty in estimates has to be acknowledged @ Assumption of homogeneity in both scale and shape.

when projections are made.

@ [he issue of spatial dependency has to be considered
when calculating return values.

0\ defined over the region V = |ay, by| x [ay, b)]
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@ Use 0y to adjust the return values to take account of
the spatial dependency.
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@ A 4 by 4 regular grid over a unit square.

o Standard unit Gumbel (1= 0,0 =1 € = 0

margins were used.
Elisabeth Mannshardt-Shamseldin et al (2010), Mareinal GEV £
The Annals of Applied Statistics - ¢ Margina TS,

L. . @ Data sets were simulated with a number of different
@ found that averages of individual station return .
covariance structures.

Spatial dependence results

:j!gf; ;5//;/0:6/5’ be larger than of station averages @ 100 realisations of the max-stable process. Average relative errors again with 100
@ How does this pooling affect the estimates ? Covariance structure ﬁ:gia;igrll;;f the max-stable process.
e Does spatial dependence affect the Ne;\me 011 922 912 N
estimates ? 5 i 1 %55 Covariance,  100yr 1000yr
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Methodology S g 1 (1) A -0.07-0.03 -0.01 0.01
B -0.08 -0.03 -0.03 -0.01
Method 1 - True Return values C  -0.08-0.06-0.05 -0.06
@ Observations are averaged over e_ach time point then| e 100 year return value = log(100) = 4.61. D _0.05-001 002 003
an extreme value distribution is fitted. e 1000 year return value = log(1000) = 6.91.
Method 2 _ _ , Mean n=10000
e Marginal extreme value distributions are fitted with | [ISJIALILEIA(OI A ESSIPIARS Covariance|  100yr 1000yr
the return values averaged over the entire grid. _ 3 4 3 4
The average relative errors from the true 100 A
Accounting for spatial dependency and 1000 year return values. -0.07/-0.03-0.03 -0.02
(Coles and Tawn, 1996) : Sample size 1—100 and n—10000 B -0.07/-0.02/-0.03/-0.02
Method 3 ample slze n=LUL and = C -0.07 -0.03-0.04 -0.02
@ Method 1 adjusted by the Areal coefficient. Mean n:1C00 _ T 7500 D -0.03/-0.021-0.01 -0.01
Method 4 ovariance 1 yr2 : y;
@ Method 2 adjusted by the Areal coefficient. / A 005 -0.01 0.01 001 Comments
Shell hindcast data set E :88:2 :881 881 881 @ Lower return values than method 1 and 2 as the
o 1147 significant storm peaks. D 0.05 -0.01 -0.01 0.01 return values have been adjusted for spatial

dependence.

® Recorded over a 10 by 10 grid. @ [ he process was repeated for the median but no

1r] ' Relative Errors n=100 and 100 year return level C e : : :
¢ Emp(;nc;l y ten:jporally declustered by Shell’s significant difference in estimates was found.
standard procedure. © | :
© . = Method 2 @ However, the pooling method has an effect.

@ Univariate GPD fits. ° T o o

@ 20% threshold consistent with previous studies using
the same data set

(Jonathan, Ewans and Forristall, 2008).
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@ Sample size has an effect though not majorly, this is
good for Extreme value analysis.
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Further Work

@ Account for the bias that may arise from pooling.
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@ Incorporate the dependency between return values

Return values for the GPD with a 20% Threshold _ _
into the estimates.

o0 A A B B c D D @ Minimise and quantify any uncertainty.
. Covariance Structure @ Formulate confidence intervals for the return values.
L \ 10000 @ See if other max-stable models produce similar
T - _
> o ean n _ results.
- Covariance;  100yr 1000yr
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