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EVENTS DATA
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TIME SCALES OF EVENT OCCURRENCES?
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e Simple, no/ few parameters, objective



POWER SPECTRUM FROM AUTO-CORRELATION

Auto-correlation p(7)

Power spectrum S(f)

1 2000
— 0.8t
= 1500 |
Q
[ —~~
2 0.6 S
®© W
o + 1000 |
S o 2

4T O
g O S
=
< 500 r

0.2
0 0 A
—300 —200 —-100 O 100 200 300 o) 20 40 60 80

Lag T Frequency f

Wiener Khinchin theorem: S(f) = Z p(r)e™127
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Einstein, Archives sciences phys. 37, 1914; Wiener, Acta Math. 55, 1930; Khintchine, Math. Annalen 109, 1934
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AUTO-CORRELATION OF EVENT SERIES
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Similarity measure for event data
(e.g., Levenshtein metric, event synchronisation, ...)



EDIT DISTANCE™

® Distance d = minimize the cost to transform sequence a to sequence b

sequence b

sequence a .

ﬁ
@

time (t)

Victor & Purpura, Network 8, 1997; Suzuki et al., Int. J. Bif. Chaos. 20, 2010 * modified Levenshtein distance



EDIT DISTANCE

T Initial state
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EDIT DISTANCE AS AUTO-COVARIANCE

d(S, S, =min g Ag (N, +N,—2|€|) +

Marwan & Braun, Chaos, 2023

Edit distance (for binary events):
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EDIT DISTANCE AS AUTO-COVARIANCE

Edit distance (for binary events):

d(S, S, =min3 Ag (N, +N,—2|€|) 1 =1 H d(S,S(1))
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EDIT DISTANCE AS AUTO-COVARIANCE

d(S,, Sp) =min 4 Ag (N, + N, —2|€])

Marwan & Braun, Chaos, 2023

Edit distance (for binary events):
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EDIT DISTANCE AS AUTO-COVARIANCE

d(S,, Sp) =min 4 Ag (N, + N, —2|€])

Marwan & Braun, Chaos, 2023

Edit distance (for binary events):
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EDIT DISTANCE AS AUTO-COVARIANCE

Edit distance (for binary events):

d(S, Sp) =min{ Ag (N, +N,—2|F|) + 1 =1 H d(S,S(1))
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EDIT DISTANCE AS AUTO-COVARIANCE

Edit distance (for binary events):

d(S,, Sp) =min 4 Ag (N, + N, —2|€])

1@ — t(b) H d(S,S()

a,pEC

| adding and deleting | shlftlng

Combine with Wiener Khinchin theorem:
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EDIT DISTANCE-BASED SPECTRUM

Event series with two frequencies (W, =1/20, W, =1/12.7):

Event series
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EDIT DISTANCE-BASED SPECTRUM

Event series with two frequencies (W, =1/20, W, =1/12.7):
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EDIT DISTANCE-BASED SPECTRUM

Event series with two frequencies (W, =1/20, W, =1/12.7):
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ATMOSPHERIC RIVERS

Integrated water vapor transport (IVT)

Dec 19, 1993

lonita et al., HESS 24, 2020



ATMOSPHERIC RIVERS

o Landfalling atmospheric
rivers

e Regional differences?
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ATMOSPHERIC RIVERS

British Isles
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POWERSPECTRA ATMOSPHERIC RIVERS

Low-category ARs High-category ARs
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POWERSPECTRA ATMOSPHERIC RIVERS

Low-category ARs
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POWERSPECTRA ATMOSPHERIC RIVERS
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OPEN QUESTIONS

A o sequence b
=| ®le sequencea

——

e Non-stationary event distribution, ; H HI
clustered events ﬂ .TTﬂ T R

time (t)

e Anti-correlation in event series

e Effect of normalisation in ED-ACF

e Including amplitude variability

e Alternative metrics (ARI-SPIKE,
Needleman-Wunsch distance, LCSS)

e Harmonics
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TAKE HOME MESSAGE

Low-categ&ARs
e Simple power spectrum estimation for @
)
event data g 10
e Atmospheric rivers in Europe: G — o
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