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Forced and chaotic ocean variability

Penduff et al, 2011 * Oceanic evolution : 1 part is forced by the atmosphere

’ . l’ . o
Sérazin et al, 2015 1 part is chaotic (random)

Observed sea Ievel (cm) from satelllte altimetry
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Forced and chaotic ocean variability

Penduff et al, 2011 * Oceanic evolution : 1 part is forced by the atmosphere

’ . l’ . o
Sérazin et al, 2015 1 part is chaotic (random)

Llovel et al, 2018 * The chaos can mask the forced evolution locally

!

example : anthropogenic
sea level rise

Observed sea Ievel (cm) from satelllte altimetry

-
(00)

T
|
(@)

|
| o
—
N
Sea level anomalies [cm]

I
[
(0]

120°E 180°W 120°W 60°W 0° 60°E
1995-08-16



Forced and chaotic ocean variability

Penduff et al, 2011 * Oceanic evolution : 1 part is forced by the atmosphere

Serazineto, 2015 1 part is chaotic (random)

Llovel et al, 2018 * The chaos can mask the forced evolution locally
* Extracting the forced evolution is crucial:

observations alone ? =>» very difficult

Observed sea level (cm) from satelllte altimetry
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Forced and chaotic ocean variability

1987 Emean 1987 INTR (mb 5)
5 rd
= .ﬂ-‘? Ocean Heat Content ; R
Vodl - ‘ G e
R - . Saifs
- Ensemble gt ol
e A= mean R A s T
—— (FORCED) et
_ » Member #5
\ -« anomaly
Sérazin et al, 2017 ; g s ™ 2 (CHAOTIC)
Penduff et al, 2018 - i 3
_— Qe 108)/m
-10 0 +10

Can we use ensemble simulations to estimate

OCCIPUT ensemble simulation : the forced signals in observations ?

- 50 global NEMO simulations (1/4°)
- same forcing based on ERA-Interim

- slight initial perturbations

IEnsemble dispersion

—> chaotic variability

=» Separate forced and chaotic signals

Probability Density Function
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Ensemble run: forced variability
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Ensemble run: forced variability
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Ensemble run: forced variability
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Ensemble run: forced variability estimate (filter)
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Observations: forced variability estimate (filter)
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Observations: forced variability estimate: response to the atmosphere

Gulf Stream AVISO SLA (DJF) Correlation between AVISO
and NAO AVISO SLA (DJF) and NAO SLA Feb 24, 1998.
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forced variability estimate: Deep Learning
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forced variability estimate: Deep Learning in Zones 1+2+3

TRAINING
MODEL Local - Certain members, days

f Convolutional Neural Network : N
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forced variability estimate: Deep Learning in Zones 1+2+3

TRAINING EVALUATION

MODEL Local - Certain members, days MODEL Global - Unseen members, days

G S,
f;r..r R YO
"hf;r;.;vifi:_f{;j_ ]
"hf;r-. o~
FULL f“ AN 1 FULL
r* ¥ et ! Transfer Sad
FORCED =S function it o
S e o |
:‘}\i};':"V\V: . | ] 2 -‘i‘u-:‘]- [
A | SN e
= ‘}\;_ 3 N F I :—_,_ v\-’__“.,‘}:"‘ [
i T o TLR e ey [

0.16
0.12
0.08

0.04
0.00

| |
e e
o ©o
® &

a surface anomalies [m)

-0.12 &

-0.16




forced variability estimate: Deep Learning in Zones 1+2+3

TRAINING EVALUATION

MODEL Local - Certain members, days MODEL Global - Unseen members, days
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forced variability estimate: Deep Learning in Zones 1+2+3
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forced variability estimate: Deep Learning in Zones 1+2+3
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forced variability estimate: Deep Learning in Zones 1+2+3
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forced variability estimate: Deep Learning vs Filter

RMS error
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Conclusion

DL denoising = « deterministic » sign
Perfectible but promising
Self-adapting to specific regions

Potential applications for other variables

New tools = new questions

Still exploratory

New insights into natural systems

- other perspectives of Al

Data mining, classification 30°5

Subgrid-scale closures, data assimilation™”

L=

Original
Altimetric Observations

als

Sea level anomalies [cm]

180°W 120°W 60°W
2012-03-04

o
Sea level anomalies [cm])

4
R O |
- = o
© N

120°E 180°W 120°W 60°W 0° 60°E
« Deterministic »
Altimetric Observations:

Forced by the atmosphere



