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Objective: Identify suitable models for return times of different weather extremes.
Question: Which distributions for the return times between peaks over a high threshold u?

= Traditionally, POT often assumes a Poisson

W(u) process (PP), where return times W (u) of
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= Blender et al. [1] suggest modeling midlatitude winter cyclones with the fractional Poisson
process (FPP), which assumes Mittag-Leffler distributed return times; W ~ ML(S3, o)

L, 3: tail parameter, controls the heavy-tailedness, o: scale parameter

= Ferro & Segers [2] suggest Compound Poisson process (CPP), a mixture between the Dirac
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= Mathieu et al. [3] generalizes these approaches to the fractional compound Poisson process
(FCPP), W ~(1-0)-gy+6-ML(5,0)

L, These approaches take clustering into account but do not regard seasonality or trend

measure at zero and the exponential distribution: W ~ (1

Objective: Incorporate seasonality using time dependent parameters 5(t), o (%)
Approach: Weighted versions of the estimators for 5 and o with distance-based weighting of
the observations using an Epanechnikov kernel

Example: Return times of midlatitude cyclones Scan for paper:
» Dataset: Relative vorticity of ERAS, 1940-2023, 1°x1° coordinate grid E

= Threshold: 0.99 quantile calculated for each location separately
» Calculate daily parameter estimates 5 and o(t),t=1,...,365

= Estimates of 3 (top) and o (bottom) on January 1, April 1, July 1 and
October 1 (from left to right)

60°N -

S50°N -

60°N 8

50°N -

40:’W 30:’W 20:’W lO:’W OIc 40:’W 30:’W 20:’W 1OI°W OI° 40:’W 30:’W ZO:’W 10I°W OI° 40:’W 30:’W 20I°W 10:’W OI°

N
B: s 0

0.5 0.6 0.7 0.8 0.9 1.0 250 500 1000 2000

Annual course of § (left) and scale parameter & (right) of all coordinate points; estimates for

56° N, 40° W are shown in black. X
= Large fluctuations of 5 and ¢ within

a year, rather similar annual courses
<0 1500 at the different locations

1.0 2000

A
o
©

Estimate (3

o
\I

o
(00}
Estimate

1000 » For most coordinate points: mini-
mum of 5 in April or May and max-

o
o))

500

imum in July or August

= 3 =1: FPP reduces to PP

0.5
Jan 01 Apr 01 Jul 01 Okt 01 Jan 01 Jan 01 Apr 01 Jul 01 Okt 01 Jan 01

= For most coordinate points: minimum of & in December and maximum in July

1. Extreme heat days: Return times are described well by a zero-inflated discrete Weibull
(ZIDW) distribution

Currently: Analyze the type of trend and seasonality needed for appropriate modeling

2. Searching homogeneous parameter regions for extremes in relative vorticity and heat to im-
prove parameter estimation
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Situation: Different observational / model data products provide estimates on: How did an
extreme event change under global warming?

Question: How to combine results from different data products?

Contribution: We provide parameter-level synthesis and contrast it to existing methods

(World Weather Attrribution, WWA)
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Situation: The block maxima method usually studies just the block maximum
Question: Can we utilitize more than one extreme per block?
Contribution: We develop estimators based on Top-Two values

Disjoint block r-largest, r=2 Sliding block r-largest, r =2
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Results:

= Top-Two estimators typically outperform max-only

= Sliding block top-two outperform disjoint blocks
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Figure 1: MSE for different Return Level Estimators: max-only vs. Top-Two vs. ‘best compromise’

Situation: The multivariate block maxima method usually studies just the block maximum
Question: Can we generalize previous results to the multivariate?
Contribution: We develop estimators of extremal dependence based on  largest values

Disjoint / Sliding r=5-LOS GMM for A(0.5) ~cnd over rand sample size k
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Results:

= r-largest values carry information about extremal dependence
«~~ the larger r, the smaller the variance

= Sliding blocks improve disjoint blocks even for multivariate: variance decreases, while bias
remains unchanged
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