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Motivation

Why do we need confidence intervals?

# That is why we need confidence intervalls
#® |s that different for correlated series?

# Conside a simulation experiment:
Estimate HQ100(ML, N = 365) 100.000 times
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Structure

1. Extreme Value Modelling,
HQr Estimation

2. The Problem:
Confidence Intervals for Correlated Data

3. The Bootstrap Strategy
4. A Test of the Strategy
5. Two Examples

6. Summary/Outlook
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GEV Modelling, Return-Level
Estimation

1. Fisher-Tippett (Three-Types Theorem) (roughly):

For increasing block size N — oo the maxima
My = max{Xy,..., Xy} are distributed accor-
ding to the GEW.
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GEV Modelling, Return-Level
Estimation

1. Fisher-Tippett (Three-Types Theorem) (roughly):

For increasing block size N — oo the maxima
My = max{Xy,..., Xy} are distributed accor-

ding to the GEW.

or=on{-[iee(5)] )

(Gumbel £ = 0, Fréchet £ > 0, Weibull £ < 0)

2. The GEV:

3. TTT motivates a Model (GEV) to describe the maxima
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Estimation Methods

#» Graphical methods (probability plots)
» Moment-based technigues (e.g. L-Moments)
#® Order statistics

® Likelihood-based

s All-round utility and adaptable to complex models
(e.g. Instationarities, covariates)

s Estimator asymptotically normal distributed
— confidence intervals

s MLE for HQ7
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The Problem

— # The asymptotic (N — oo) confidence intervals are not a
good approximation for correlated data
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The Problem

— # The asymptotic (N — oo) confidence intervals are not a
good approximation for correlated data
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o Build a model for the maxima series,
Distribution and ACF

s Estimate variability with Monte-Carlo ensemble
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— o Parametric Bootstrap:
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simulation

> Ensemble
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Data — param. Model =——=% Ensemble

#® To model the maxima, we need:

1. Model for the distribution

2. Model for the autocorrelation

3. Something to bring this together
» We try:

1. GEV

Estimating Confidence Intervals — p.8/19



The Bootstrap Strategy
— # Parametric Bootstrap:

Data % param. Model
# To mode

1. Mode
2. Mode

simulation

> Ensemble

the maxima, we need:
for the distribution

for the autocorrelation

3. Something to bring this together
» We try:

1. GEV

2. FARIMA (models the ACF)

Estimating Confidence Intervals — p.8/19



The Bootstrap Strategy
= » Parametric Bootstrap:

Data %, param. Model
# To mode

1. Mode
2. Mode

simulation

> Ensemble

the maxima, we need:
for the distribution

for the autocorrelation

3. Something to bring this together
» We try:

1. GEV

2. FARIMA (models the ACF)

3. IAAFT (Xpi + Yacp —ort

> ZDist+ACF)
iterative Fourier based algorithm, used in nonlinearity
testing

Estimating Confidence Intervals — p.8/19



The Bootstrap Strategy

#» Parametric Bootstrap:

simulation

Data %, param. Model » Ensemble

# To model the maxima, we need:
1. Model for the distribution
2. Model for the autocorrelation function
3. Something to bring this together

® We try:
1. GEV
FARIMA (models the ACF)

2.
: iAAFT

3. IAAFT (Xpist + YacF > ZDist+ACF)
iterative Fourier based algorithm, used in nonlinearity
testing
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ACF of the Maxima Series

— ® Are maxima correlated?
# Simulated Example (~10.000 yrs), ACF:
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ACF of the Maxima Series

— o Are maxima correlated?
# Simulated Example (=~10.000 yrs), ACF:
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# Need longer maxima series to model ACF
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ACF of the Maxima Series

Are maxima correlated?
# Simulated Example (=~10.000 yrs), ACF:
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# Need longer maxima series to model ACF

#® Trick:
s Model daily series with FARIMA
» Generate a very long series and extract maxima
s Model this long maxima series with FARIMA
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Ensemble Generation

1. Fix ensemble size: N.psemble
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Ensemble Generation
1. Fix ensemble size: Nopsemble

2. Draw sample from GEV, length: N, cemble NVmax
3. Draw sample from FARIMA, length: N.psembleNVmax
4. Combine with IAAFT
b.

Cut Into Nepsemble S€CHIONS With length Ny«

Estimate parameters (HQ() for all ensemble members
— ensemble for HQqgg
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Does that work?

# Perform a simulation study:

» Choose a plausible process:
FARIMA[1,d,0] + log-transform

s Generate an ensemble from it (100.000 runs)

s Extract maxima and estimate HQqgg
— reference ensemble
represents the estimator’s variability
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Result

Ensemble Comparison
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Achleiten

S ® The Data

s Gauge Achleiten, Danube River,
southwest Germany (Passau)

s Catchment size: 76.653km?
s Q) ~ 1430m3/s
s 103 years daily data
# The Models
s FARIMA[2,d,1], d=0.43 (H=0.93)
s GEV, HQgg = 7086m?3/s
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Achleiten

e Achleiten
—— Bootstrap Ensemble
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Sonthofen

S ® The Data

s Gauge Sonthofen, lller,
south Germany (Allgau)

s Catchment size: 388km?
s Q ~21m3/s
s 102 years daily data
# The Models
s FARIMA[2,d,2], d=0.24 (H=0.74)
s GEV, HQgp = 313m’/s
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Sonthofen
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Summary
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Summary

# Confidence intervals provide necessary information

# Asymptotic (theoretic) Cls are too small for correlated
data

# Parametric bootstrap strategy
s Model maxima distribution
s Model ACF of maxima (via daily data)
s Combine the two models

# Better than asymptotic confidence intervals
# Relevant for run-off series
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Outlook

#® Analyse several (different) gauges
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Outlook

Analyse several (different) gauges

Compare with peak over threshold (POT) ansatz

Refine model selection strategy

Improve coverage?
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