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El Nino events
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El Nifno time series
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Temperature Anoms from NOAA’s TOGA-TAO Array, 1997 Sepiember




Recharge Oscillator model of ENSO

before El Nino El Nino

La Nina before La Nina




Recharge Oscillator model
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Recharge Oscillator model

dr
dr
dh
dr

@)= 00764

+0.021-

‘= month

month

~0.008—L_

= —|a11|T +a,,h

=—|a21|T—|a22|h

RECHOZ
model region




Observed thermocline and SST interaction

Observed SST and thermocline depth anomalies
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Non-linearity




El Nino extremes = non-linearity

Temperature
() Increase in mean and variance

More/Fewer cold extremes More hot extremes

Averaae



El Nino non-linearity

o))
o

<El Ninos are stronger than La Ninas

pdf of NINO3 temperatures

probability (%/K)
w = wn
e 2 ©

N
-]

La Nina

0
Temperature (K)

El Nino




Pattern non-linearity

(A Strong El Nifo B Strong La Nifa ) Diff. Strong A-B
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Pattern non-linearity
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|dealized ENSO patterns
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Time Evolution non-linearity

Strong El Nifo Strong La Nina difference
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CMIP model non-linearity: pattern vs. time evolution

time evolution
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Wind-SST non-linearity

Model simulation
with linear ocean
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Wind-SST non-linearity

anomaly correlation skill

RECHOZ Model Forecasts
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» Pattern non-linearity:
<> strong El Ninos are to the east
<> strong La Ninas are further west
<> Vice versa for weak events
<> Both, El Nino and La Nina have non-normal extremes

» Time evolution non-linearity:
<> strong El Ninos are followed by La Ninas
<> strong La Ninas are preceded by El Ninos
<> Vice versa for weak events

» Wind Feedback non-linearity:
<> strong El Ninos are forced by stronger zonal winds
<> Strong La Ninas are forced by stronger thermocline depth anomalies
<> The stronger thermocline depth is caused by the non-linear zonal wind

» Predictability non-linearity:
<> strong La Ninas are better predictable than strong El Ninos

[Dommenget et al. 2013]
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Non-linear ENSO Teleconnections

Response ACCESS experiments with idealized ENSO patterns
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Non-linear teleconnections

b) EP+ 200%
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a) CP+ 200%
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Non-linear teleconnections

ACCESS SST-response experiments

EP pattern CP pattern Combined
(total effect)
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Significant non-linear teleconnections
(based on idealized model simulations)

T-test values

[Frauen et al. 2014]



{ ** ENSO teleconnections are strongly non-linear }

** A combination of

4 )

*** A linear response to a non-linear SST pattern.

G /

4 N

** A non-linear response to a linear SST pattern.

G /

[Frauen et al. 2014]
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ENSO processes
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Common CMIP model biases
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Common CMIP model biases: Atlantic forcing

Cross-correlation ENSO SST (CT) vs. ATL SST
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CMIP models under estimate the Atlantic influence on ENSO
Luo et al. 2017



EOF-modes: Models vs. Obs. error

Model Errors In EOF-modes
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How good are the models: Summary
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Ensemble mean CMIP model projections:

** El Nino like mean state changes
** Weakening and eastward shift of Walker circulation

** No changes in SST variability (strength)

| am not convinced, though!




Arguments against the CMIP projections

|. Observations
II. Common CMIP model biases

Ill. Lag of understanding



Observed vs. CMIP trends
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Observed vs. CMIP trends
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El Nino-like trend in CMIP models?

difference in stream function [kg 3'1] strengthening

weakening

Walker Circulation trends
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ACCESS ReOsc-Slab simulations

Slab Ocean

dSST (x, t)
y dt atmos ( t)

‘ ReOsc-Slab

Recharge Oscillator (ReOsc)

-
: a11 a12h(t) + a;,A7(t) + &
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» T=NINO3 SST anomaly

~

» dh/dt is not a function of T in global warming (T=wind)
» Better, relative SST: T =[NINO3 anomaly] - [global anomaly]

> Define new model: ReOsc-Slab-relative-SST



ACCESS ReOs-Slab simulations

CGCM response to 2xCO, forcing

Slab Ocean ReOsc-Slab-relative-SST
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¢ The CMIP projections do not agree with observations

** CMIP models have common biases that undermine
confidence in projections of these models.

** No theoretical understanding of what the CMIP model
predict.

*¢* ENSO ReOsc dynamics lead to no changes

¢ In turn, ENSO changes are likely to be due to other
processes

¢ A La Nina like climate change is possible.




Thank you!
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