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MotivationT The Snapshot attractor view

A What is climate (theoretically)?

é The cl| i ma tegecithe weathex is whatyaied Radbert Heinlein, 1973
AClimate lasts all the time and weather only afewdayd Mar k Twai n, 1887/

A Question: i f cl i mate i s expéctationwalee whaeis theaucderlyingtatisticsspmobabilitys) 2
A Answer:climate is the natural probability distribution of theledsnapshot attract@nd its change is the climate
change (Romeiras et al., 19%Bhil et al., 2008B - detal., 2011Dr - etals2015)
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MotivationT The Snapshot attractor view in GCMs

A Climate is based on ensemble statistics and could be defined by the snapshot method
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lllustration of the snapshot attractor and its convyergence time in climate Ria8ah(Herein et al., 2016)

A Snapshot method defines climatetantaneouslgcross the ensemble (numericallyp GCM

A In theory we need infinite ensemble memb&rin practice we have large climate ensembles (e.g. GEBM

A Climatic mean : instantaneous ensemble average

A Internal variability: higher order moments

A Ensemble statistics is only valid if we converged to the attractor, inhieh conditions are forgotten (aftér)
(few decades (for ocean could be more), but depends ahirttege model)

A Variability is a property of the systemannot be reducadslith the increase of ensemble members

A We compute all the statistics across the ensemble,

A New application is snapshot empirical orthogonal function analysis (SE@Egpraetal., 2020a)



SEOFi a new way ofeleconnectiomnalysis

ATeleconnectionsare important due to their regional/global impacts

Aln a changing climate physical parameters shifting in time, the dynamics is timéependen
Aln a changing climate the strength oteleconnectionsmight change

ATime evolution oteleconnection a changing climate?

AExamples: focus gn Arctic Oscillation and ENSO

Question: How to characterizeleconnections a changing climate?
Answer:parallel climate realization#erein et al., 20177 ®elt al., 2019andSEOF(Haszpraet al., 2020a)

A recent review about snapshot method and parallel climate realizattofst(al., 2019)
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SEOFanalysis

A ClassicaEOF methodtanalso revisited, as it is based on temporal averages

A Ensemble based EOF meth&hapshot EOF=SEOF; SPCs=snapshot principal componenfidaszpreet al., 2@0a)

(ATA) EOF = A EOF & PC = A EOF, where the eigenvalues are on the leading diagonal of A

space—>

a) Traditional EOF for a single member (all am) EOF: eigenvectors

m using time-mean centralization = A(m) PC: principal

ler 7 A components

space
a1 " Qqn
()
Am1 " Amn

A A(m) and A(t) are anomaly matrices, where the anomalies are conglategtime and along the ensembkespectively
A Similar method (EOFE) has been developed filaher et al., 2018

b) Snapshot EOF for a single time instant
t using ensemble-mean centralization
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Example 1: Arctic Oscillation (ambiguity of temporal statistics)

A Models:MPI-ESM (100 memberswith RCP2.6, 4.5 and 8.5 a@ESM-LE (40 members)with RCP8.5
A AO istheleading EOF pattern of séavel pressure Z@0AN
A Traditional AOI isnot representativiuses temporal averaging)
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(a) MP1 8.5 : : : | (b) CESM 8.5
1960 1980 2000 2020 2040 2060 2080 371960 1980 2000 2020 2040 2060 2080
Traditional AOI time series (thin solid lines) for tke= 1 member of the MPGE for the RCP8.5 scenario and of
the CESMLE calculated by using differentimatologies(indicated in the legend). The time series of the/&ér
moving mean (thick solid lines) are also plott@gdaszpraetal., 2020a)

AAOI defined bytheleading PCs in the ensembieSEOF method

AWe calculate the ensemble based correlation coeffi
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SEOF CESM-LE

(h) CESM HIST - 1965 (30.9%) (i) CESM RCP8.5 - 2025 (31.6%) (j) CESM RCP8.5 - 2085 (31.7%)

DJF mean SLP anomalidsHg regressed onto the first EOF mode (explained variance is indicated in parentheses) usir
analysis for the indicategkars (Haszpreetal., 2020a)



(a) MPI HIST - 1965 (32.8%) (b) MPI RCP2.6 - 2025 (30.8%) (c) MPI RCP2.6 - 2085 (35.3%)
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(@) MPI HIST - 1965 (32.8%) (d) MPI RCP4.5 - 2025 (31.5%)

SEOFI MPI

(explained variance is |nd|cated |
parentheses) using SEOF
analysis for the indicated years
(Haszpreetal., 2020a)
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(a) The explained variance of the first EOF mode?@@r?) and (b) the amplitude of the AO as the
standard deviation of the PC data using SEOF analysis%1®1). Curves are colored according to the ensemble
(MPI-GE with differentforcings or CESM). Legend includes the slope of the linear regression with 95% confidence
intervals (Haszpreetal., 2020a)



New methodology focorrelationcomputation

A Instead of traditional climate indices we redefi@leconnectionas instantaneous ensemble based correlatifns (

ngl-__ (A8 (AB) . \
rLA 2><>2),Where A can be any ensemble based Aindexo al
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Snapshotorrelationin CESM-LE

1 (h) CESM HIST - 1965 (i) CESM RCP8.5 - 2025 () CESM RCP8.5 - 2085

J g,

Ensemblebased snapshot correlation coefficient field between AOI and TS for the indicated years ilLEESM
for the scenarios indicated in the panel tit{ékaszpraetal., 2020a)



Ensemblebased snapshot correlation
coefficient field between AOI and TS for the
indicated years iMPI-GE
for the scenarios indicated in the panel titles.
(Haszpreetal., 2020a)

(a) MPI HIST - 1965

(b) MPI RCP2.6 - 2025

(c) MPI RCP2.6 - 2085
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(b) MPI RCP4.5
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(c) MPI RCP8.5 (d) CESM RCP8.5

Lineartrend (103 1/yr) of r over time 19502099 for the
MPI-GE scenarios RCP2.6, RCP4.5, RCP8.5 and for
CESM-LE. Black dotsrepresent geographical locations
where the trend is significant at the 95% level
(Haszpreetal., 2020a)




Time evolution
of r
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Example2: ENSOT1 globalprecipitationcorrelations

A Model: CESM-LE (40 members)with RCP8.5

A NINO Box: -309 30AN, 166295AW

A SEOFmethodappliedy SPCs

A We calculate the ensemble based correlation coeffigipnt(b et ween ASST SPCA timeawluionBfr e
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L [C)

L=

(a, d) Ensemblbased ENSO strength as the ensemble standard deviation of thé P, (
amplitude as the areae a n
Linear fits are indicated by dashed lines; legends indicate the slope of the linear fits with 95 % confidence ikkaszalse( al., 2020b)
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Ensemblebased SST regression maps [in degrees Celsius] for years given in the title of the pane)l 3”@ and () DJF. The explained variance in the first
SEOF mode is also displayed in the title of the panels. Dots represent geographical locations where the regressidnsigffifieant at the 95 % level. For bette
visibility, only every fourth grid point is dotte@Haszpreaetal., 2020b)



