Methods in climatology

IT. Extreme Value Analysis
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Motivation

The Hot Summer of 2010:
Redrawing the Temperature Record

Map of Europe

}* Erich M. Fischer,? Jii

Ricardo M. Trigo,” Rit

The summer of 2010 was exceptionally wam in eastern Europe and large parts of Russia.
We provide evidence that the anomalous 2010 warmth that caused adverse impacts exceeded
the amplitude and spatial extent of the previous hottest summer of 2003. “Mega-heatwaves”
such as the 2003 and 2010 events likely broke the 500-year-long seasonal temperature records
over approximately 50% of Europe. According to regional multi-model experiments, the
probability of a summer experiencing mega-heatwaves will increase by a factor of 5 to 10 within
the next 40 years. However, the magnitude of the 2010 event was 5o extreme that despite this
increase, the likelihood of an analog over the same region remains fairly low until the second half

of the 215t century.

expected to anplify the variability of summer

temperatures in Europe (/-5). Along with
mean warming, enhanced variability results in
more frequent, persistent, and intense heatwaves

Incm«mg greenhouse gas concentrations are
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(6-10). Corsistent with these expectations, Eu-
rope has experienced devastating heatwaves in
recent years. The exceptional summer of 2003
(1, 11-13) caused around 70,000 heat-related
deaths, mainly in western and central Europe

European summer temperature
- T N

(14).Tn summer 2010, many cities in eastem Eu-
pe recorded extremely high values of daytime
(for example, Moscow reached 38.2°C), night-
time (Kiev reached 25°C), and daily mean (Hel-
sinki reached 26.1°C) temperaures (fig. S1).
Preliminary estimates for Russia refemed a death
toll of 55,000, an annual crop failure of 2
more than 1 million ha of bumed arcas, and
~USS15 bllion (~1% gross domestic product) of
total economic loss (/5). During the same period,
parts of eastern Asia also experienced extreme-
Iy warm temperatures, and Pakistan was hit by
devastating monsoon floods.
Tn order to characterize the magnitude and
spatio-temporal evolution of the 2010 event in a
historical context, we used daily mean data sets
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The flood in Moravia and
Silesia in July 1997

52 victims - material damage
63 billions of Czech crowns




Terminology

1) Descriptive Extremity Indices

ECASD

Home  FAQ Daily data Indices of extremes  Retumvaslues  Extreme events

Project info

Indices of extremes > Indices dictionary

Definitions and mathematical formulas of the indices used in ECA&D are provided below. A core
set of 26 indices follows the definitions recommended by the CCl/CLIVAR/ICOMM Expert Team on
Climate Change Detection and Indices (ETCCDI). Another 48 indices are specifically for Europe.
Note that new research may lead to additional indices or changes in the indices definitions in the
future,

The station series used for indices calculation in ECA&D are blended series. This means that they

are made near-complete by infilling from nearby stations and updated using synoptical messages.

Details on the blend and update proces are given in the specific FAQ or in Project Info > ATBD.
The 75 indices have been grouped in different categories corresponding with different aspects of
climate change. The same grouping is also used in the pull down menus for presenting indices
plots and maps.

Cloudiness

European Climate Assessment - Dataset

http://www.ecad.eu/indicesextremes/

Examples:

R20mm
« Very heavy precipitation days (precipitation > 20 mm) (days)

Let RRy be the daily precipitation amount for day /of period /. Then
counted is the no of days where:

RRy =20 mm

R95p

* Days with RR > 95th percentile of daily amounts (very wet days)
(aays)

Let RR,; be the daily precipitation amount at wet day w(RR> 1.0 mm)

of period jand let RR,.95 be the 95th percentile of precipitation at wet

days in the 1961-1990 period. Then counted is the no of days where:

RR; > RRw95
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Mean number of tropical days in CR
in the 1961-2020 period
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Terminology
2) Extreme Value Analysis (EVA)

Analysis of frequency occurrence and intensity of rare events -

.extremes" that occur with low probability

Analysis of annual maximum precipitation, air temperatures exceeding

very high threshold, ...
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Variability of annual absolute maximum air temperatures at Brno, Turany (1961-
2019), left - linear trends (1961-1990 and 1991-2019), right - density distribution

+ Extreme Value Theory (EVT)
+ Extreme Value Distribution (EVD)




EVA example
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Estimates of mean return periods N [years] of annual absolute maximum air

temperatures at Brno, Turany (1961-2011),

Purpose

+ find reliable estimates of X(T ) for large T (i.e. rare events),

+ even for T larger than the period of observation,
+ including estimates of the uncertainty of X(T)

min {x, ..., X} = - max{xy, .., x,}

Main steps

1. Choose an appropriate parametric distribution function
2. Cadlibrate it such that it describes available data well
3. Extrapolate distribution function

Which is .appropriate” distribution?




Extreme Value Theory (EVT)

Input data

POT (Peak Over
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Extreme Value Theory (EVT)

Appropriate distributions

BM (Block Maxima)
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Generalized Extreme Value
distribution (GEV)
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Zobecnéné rozdéleni extrémnich
hodnot

POT (Peak Over Threshold)

Generalized Pareto distribution
(6PD)

Zobecnéné Paretovo rozdéleni
extrémnich hodnot




Extreme Value Distributions

Generalized Extreme Value distribution (6EV) - zobecnéné rozdéleni
extrémnich hodnot

The maximum of a large number of iid random variables is distributed like the
Gumbel or Fréchet or Weibull Distributions independently of the parent
distribution.

3 parametric distribution: location (u), scale (o), shape ()

GEV cumulative density function S £20.0, Gumbel
— £=+0.2, Frechet
— £=-0.2, Weibull

03

u=0; o=1

e B G [ fx-u\TYE
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0.2
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L X=u
where: 1+5&- >0
a0

0.1

¢ =0: Gumbel, unbounded
¢ >0: Fréchet, lower bound 2
§<O: Weibu//, upper bound 2 4 0 1 2 3 4 5

iid - independent and identically distributed

Modelling Block Maxima (BM)

+ Build Blocks

Divide full dataset into equal sized chunks of data

E.g. yearly blocks of 365/366 daily precipitation measurements
+ Extract Block Maxima

Determine the Max for each block
- Fit GEV to the Max and estimate X(T)

Estimate parameters of a GEV fitting to the block maxima.

* Maximum Likelihood (ML) Estimation - is prefered when i)
samples are sufficiently large; ii) climate is not statinary. In
this case LME may include ,covariates”

+ L-Moments Estimation - when samples are small

* Method of moments - underestimate long-period return
values

+ Calculate the return value function X(T) and its uncertainty
(confidence intervals)




Extreme Value Distributions

Generalized Pareto distribution (GPD) - zobecnéné Paretovo rozdéleni
extrémnich hodnot

Estimate X(T) (for rare extremes) by parametric modelling of independent
exceedances above a large threshold.

For large u exceedances E (y) asymptotes %7
to a limit distribution:

E.{{()’)“GPD(_\,-‘:C")",_E) foru — = °
=45 g
GPD(3:5.8)=1- (1 A g-{)
1o} 8

GPD cumulative density function o |
depending on shape parameter

€ =0 Exponential Distribution 2 |

Modelling Peak Over Threshold (POT)

+ Select a threshold u
should be large enough to be in asymptotic limit
+ Extract the exceedances from the dataset
n values out of the total N data values
exceedances need to be mutually independent
* Fit GPD to exceedances, yields conditional distr.:
prob(X > x| X > u)=1- GPD(x - u;0.§)
+ Estimate uncond. distribution and return values
prob(X > x)=prob(X > 1) (1- GPD(x - 11,0.8))
with prob(X>u) estimated as n/N (the third model parameter)
Return values X(T) from the unconditional distribution




Modelling Peak Over Threshold (POT)

Exceedances are identically distributed ©
- may be violated e.g. by seasonality, by trends " | T H I”
Ll

Exceedances are independent

* may be violated by serial correlation
* much more critical than for block maximum approach

+ in general solved by declustering of original data

* e.g. exceedances should be separated by at least x days.

Modelling Peak Over Threshold (POT)

Threshold Selection

+ mean residual life plot - the idea is to find the lowest threshold where
the plot is nearly linear; taking into account the 95% confidence bounds.

~ _|  Mean Resldual Life Plot: Fort Prec
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Mean Excess
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Modelling Peak Over Threshold (POT)

Threshold Selection

Fitting data to a GPD Over a Range of Thresholds and stability of the
parameter estimates is checked
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BM versus POT

Block Maximum Approach: Peak-over-Threshold Appr.:
GEV, 105 maxima GPD, 606 peaks > 30 mm
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-4 0 1 2 a3 4 5 X(100)
L L L L L L L 160 mm . —
g | / g : /| 139mm
/ 128 mm ; 4 /
8 s &4 - B L : 120 mm
c— 11 DO CEPI 106mm g | 105 mm
e e
8 8
2
(=
2 ] * :
- Extreme 1-day Totals . Peak 1-day Totals
2 .....Engelberg g1 Engelberg
: 1901-2005 1901-2005
1.58 5 10 20 50 100200 ﬂ.l‘l? 0‘5 1 22 é 1IIJ 20 150 2[‘]0

T T

Source: Analysis of Climate and Weather Data, Extreme Value Analysis - An Introduction, christoph.frei [at] meteoswiss.ch
ftp://ftp.pmodwrc.ch/pub/people/anna.shapiro/analisys%200f %20climate/Xstat %5B1%5D.pdf




BM versus POT

The POT approach typically utilizes more of the available data than

the block maxima approach.

However, it can be common for threshold excesses to cluster above a
high threshold: especially with atmospheric data - consequently

confidence intervals too narrow

The block maxima approach may include points that are not very

extreme

In some cases it might miss extreme values simply because a larger
value occurred somewhere else in the block (e.g., the second, or third,

point that exceeds the threshold).

The block maxima approach typically satisfies the independence
assumption to a good approximation, and is easily interpretable in

terms of return values.
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BM versus POT

BM
Theoretical assumptions are less
critical in practice.

Independence of maxima can be
achieved by selecting large block
size.

Estimation uncertainties can be
large because small sample size

More easy to apply

POT

More efficient if a "small” threshold
is justified. (More independent
exceedances than block maxima.)

Independence assumption is critical
in practice. Need declustering
techniques.

Needs diagnhostics for threshold
selection. Choice somewhat
ambiguous in practice.

Less easy to apply in practice.




General comments

Quality control and dealing with ,outliers”

Fitted distribution may be very sensitive to the inclusion/exclusion of the outlier
+ Inclusion - quality of the fit is reduced
+ Exclusion - return periods are underestimated - not recommended approach

Peaks over Threshold

Q95 (m/s)
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Confidence Interv.:

Vivian, >

Feb 1990 /

Viethod

(:3 Confidence interval implies
that there is non-zero
probability that upper bound
is smaller than maximum
observed value

Index for “Storminess”

in Europe.

ERA40, 1958-2002
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Source: Analysis of Climate and Weather Data, Extreme Value Analysis - An Introduction, christoph.frei [at] meteoswiss.ch
ftp://ftp.pmodwrc.ch/pub/people/anna.shapiro/analisys%200f %20climate/Xstat %5B1%5D.pdf

EVA tools

Climate Explorer

https://climexp.knmi.nl

Maximum July air
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Make and fit a histogram
brno t max Temperature (uploaded1)

Plot

temperatures,
Brno, Turany,
1961 - 2010

Abs. Max - 36.2°C (2007)

Type of plot:

Starting month
Season:
Anomalies:
Years:

only for:
Apply:

Detrend:

© histogram with [20 bins

" quantile-guantile plot
@ Gumbel plot
) logarithmic plot

_ sqrt-logarithmic plot
Jul i
selecting [=] over [ 1

[ subtract seasonal cycle

[ D™

[Csquare, Clcube , [ power

[iogarithm, [sqrt, [
2/3 to series brno t max

=]

month(s)

= =] =] =] (=]

Filters:

Decorrelation
scale:
Change sign:

Fit:

Return time:

Flot range:
Confidence
interval

Compute

["] detrend everything
[“Itake year-on-year differences

=]

subtract mean of pravious years

Jo montns

[ study the low extremes. ]
© nothing ©) Poisson () Gauss O Gamma ) Gumbel

© GEv

() GPD, threshold [80 %
do not constrain shape |~
95 %

10



EVA tools

Climate Explorer

Gumbel plot
monthly brno t max

Using sub-optimal algorithms to compute the error estimates. This may take a while.

it takes too long you can button of

‘The error margins were computed with a bootstrap method that assumes all points are temporally independent. The error margins

were computed with a bootstrap method that assumes all points are temporally independent.

Julbrno t max temperature [1

paramater valuet2o osmar

ne 4

mean: 31.8429 £ 0.565306 312276 ... 32,3582
() 2.01109 = 0.385080 162437 ...
(a1 2,032

ke -0.127282 2 0.504350 -0.578131 ... 0.43069
min 27.00

max 36.10

Fitted to GEV distribution P(x) = exp(-(1+E*(x-a)/b)**(-1/8)

- aL78

b 2042

& -0.335

return value 10 yr 34.408.

return value 100 yr 35570

return value 1000 yr 36674

return value 10000 yr 36358
return pariod 36.200 ( 2007)

w772 a0262...0.
Jul temperature brno t max 1961:2010 (95% Cl)

40 T T T T T T T

[Celsius]

26 L L L L L L

2 5 10 100
return period [yr]

EVA tools

+ Overview

« people

+ Contact Information

+ Program Decuments

« 2004 Review Documents

+ Current Projects
+ Publications
+ Presentations

Links of Interest
+ Supporting Institutions
+ Other NCAR Initiatives

< Upcoming Events
« Mailing List
+ Website Statistics &

Search This Website

...more search features

Extreme Value Analysis Software

Project Abstract

Extreme value statistics are used primarily to quantify the stochastic behavior of
a process at unusually large (or small} values. Particularly, such analyses usually
e estimation of the probability of events that are more extreme than any
usly observed. Many fields have begun to use extreme value theory and
some have been using it for a very long time including meteorology, hydrology,
finance and ocean wave modeling to name just a few.

The extremes value analysis software package in2extRemes is an interactive
(point-and-click) software package for analyzing extreme value data using the R

istical p i A ical user interface to the package
extRemes (version >= 2.0) is provided, so a knowledge of R is not necessarily
required. The software packages come with tutorials (available soen) that explain
how they can be used to treat weather and climate extremes in a realistic
manner (e.g., taking into account diurnal and annual cycles, trends, physically-
based covariates).

Extreme Value Analysis Software

*% please take 2 moment to register so we may track usage of the Extremes
Toolkit. Don't worry, we are using this for tracking purposes ONLY. No spam
involved!

Instructions and Tutorials for downloading and using the software.

More general site about statistics of weather and climate extremes and their
”

11



EVA TOO'S in2extRemes

R R Console |

Packages w -

Type 'contributors()' for more information and
'citation()' on how to cite R or R packages in p{|

Type 'demo()"' for some demos, 'help()' for on-1if)

imputeMDR. -
imputeMissings
imputeTS

Y2

'help.start()' for an HTML browser interface g
Type 'g()' to quit R.

[recfemes ]

[Previously saved workspace restored]

> library(inZextRemes)
ding required & teltk

Loading required package: extRemes
Loading required package: Lmoments
Loading required package: distillery
Loading required package: car

Attaching package: ‘extRemes’
The following objects are masked from ‘package:si||

qgnorm, ggplot

IndependenceTests
indicspecies

inegiR

ineq

InfDim

inference

InferenceSMR

inferference |
inflection

influence.ME

influence.SEM

influenceR

infoDecompuTE

Information

InformationValue

informR

infotheo

infra

infuser

infutil

injectoR

INLABMA

inline

inlinedocs

inpefr
InPosition

EVA TOO'S in2extRemes - GUI

> in2extRemes ()

-
74 Into the extRemes Package

File | Pluil Analyze |

Read Data
Simulate Data

Block Maxima
Decluster
Transform Data »

Data Summary
Scrubber; S e e
Clear log file Scatter Plot

Save Mean Residual Life Plot

Fit POT model to a range of thresholds
Auto tail-dependence function

Exit

Fit Diagnostics
Return Level Plot

Extreme Value Distributions
Poisson Distribution

Parameter Confidence Intervals
Likelihood-ratio test

Fit Summary

Extremal Index

12



EVA tools

in2extRemes - plot data

7% Into the extRemes Package

[ = VI W .

[=o]=2] = ]

-
Point Character (pch) E &

Data Object
gevsim77
gevsimas
gevsimas

point

line

x-

P_Lesna

-axis variable:

y-axis variable:

; B
P Lesna

OK | Cancel | Help I

P_Lesna

20 40 B0 80

1940 1960 1980 2000

year

EVA tools

Analyze - Extreme Value Distributions

in2extRemes - fitting GEV to data

T4 Fit EV Model

=)

¥ log-fnk for scale parameter

Locaton paamete function ~ [

Scale parameter function ~ [1
Shape parametes function - 1

Options.

NA Acon rafel

¥ Plotdiagrostics

Threshold
@ constant
€ vector

Valuets)

O Cancel

Time Units [days.

[1] "Estimation Method used: MLE!

Negative Log-Likelinood Value:

Estimated parameters:
location scale shape
30.4193253 £.2712610 0.1744151

Standard Error Estimates:
location B

cale
1.0721400 0.8527949 0.1079039

Estinated parameter covariance

location
location 1.14948418 0.5321077
scale 0.53210767 0.7272592
shape  -0.04576614 -0.0224052

aIC = 627.82

5IC = 635.0401
[1] "Model name: fic2"
>

310,91

matrix.

Empirical Quantiles

Density

40 60 80

20

002 0.04

0.00

8
T g
= 3 ] v
E 2] tine 4
] ¥
g £ ~ regression line
. @ 7 95% confideste bands
i 5 o ;
=
= 18
i E =
g o
>
-, .t
T T T T T T T 3 T T T T
20 30 40 50 60 70 80 E 20 40 60 80
Model Quantiles P_Lesna Empirical Quantiles
i IR — Empirical =
WModeled =
. ® (=1
: 8
g °
= 13 =1
£ 8
Exs
g &
o
3
T T T T T T T T L T
20 40 60 80 100 2 5 20 50 200 1000
=82 Bandwidth = 4.083 Retum Period (years)
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VA tools

in2extRemes - estimate N return values (N=100)

Analyze - Parameter Confidence Intervals

¢ Estimated confidence limits for EVD fit parameters and retur levels = [ [t
Data Object Select afit:
gevsim38 [ -
Grvimos C—
ap.sim H
prec_max E -
Options

return period [100

¥ Return Level @ Parameter

prosimatio
parametric bootstrap
profile ikelihood ~ Confidence Value (*100%) [095

Profile Likelihood Options.

Profile Search Range Number of points at which to calculate profile ikelihood 20
(leave blank o ty to find automatically)

Lowier imit ¥ Plot profile likelihoods

Upper limit

Parametric Boottrap Options
Number of Bootstrap Replicates 502

UK’ e ‘ He\p[

IR R Console

1] "Normal Approx.”

95% lower CI  Estimate 95% upper CI
location 28,31796349 30.4193253  32.5206811
scale £.50981365 £.2712610 9.9227083
shape -0.03707258 0.1744151 0.3859029

Preparing to calculate 95 % CI for 100-year return level
Model is  fixed

Using Normal Approximation Method.

fevd(x = P_Lesna, data = xdat, location.fun = ~1, scale.fun

shape.fun = ~1, use.phi = TRUE, type = "GEV", units = "7,
na.action = na.fail)

[1] "Normal Approx.”
[1] "100-year return level: 88.785"

[1] "95% Confidence Interval: (57.6761, 119.893¢)"

I

1 [
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