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Role of the ocean and the sea- ot ‘Q/
iIce In the climate system

Anthroposphere > §

The ocean and the sea-ice (O+Sl) are 2 L L) p—
components of the climate system. n

O+§l contain large spatial and = == C
temporal scales (>YEAR) that are o vognee
particularly relevant for climate studies.

O+S| are a source of predictability for I
the next decade.

atmosphere
(weather)

Predictability

ocean/sea ice  :

Credits: Gettelman and Rood, 2016, Meincke und Latif, 1995, Dirmeyer

~7 days ~30 days



First source of knowledge:

Sea surface temperature [K]

observations e —
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Daily SeaWiFS Chlorophyll Apr 1 2001
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First source of knnowledge:

numerica ‘ Mo d e ‘S Sea water potential temperature [C] 1 {ié/ | mﬂ

24 25 26 27 28 y-Coperhicus Marine Service

Free Run Model Chlorophyll Apr 1 200

2019 Jun 21, 22:00 UTC - O m
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Comparison

Daily SeaWiFS Chlorophyll Apr 1 2001

30 60 90 120 150 180-150-120-90 -60 -30 0 30

Observations

Free Run Model Chlorophyll Apr 1 200

Numerical model

 Biased
« Low-resolution (for climate studies)
 Due to the chaotic nature, model

will diverge from the reality after
some time



Merging model/olbservation: data
assimilation

“The very best way to make a forecast out of a numerical
model and a set of observations.”

. y Assimilated Chlorophyll Apr 1 2001 Free Run Model Chlorophyll Apr 1 200
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Some achievements of DA

Horizon of prediction (in days) of the weather from ECMWF
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What data assimilation does and
does note

» Good at reconstructing initial conditions for forecast
» Handle noisy and sparse observations

» Give an accurate estimation of the uncertainty

BUT:

» Does not “learn”. The model is not "smarter” from the observations

» Some information contained in the observations is lost. (e.g. if
observations are at a higher resolution than the model).



Machine learning to the rescuee

Learn from from observations and apply to observations (

)

Learn from model and apply to model ( )

Learn from observations and apply to model ( )
Learn from model and apply to observations (

)
Learn at the intersection between observation and model via data assimilation

( )

/ \
Earth system observations >
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Data assimilation




Machine learning to the rescuee

Learn from from observations and apply to observations (

)

Learn from model and apply to model ( )

Learn from observations and apply to model ( )
Learn from model and apply to observations (

)
Learn at the intersection between observation and model via data assimilation
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One application: extend data assimilation

Sea surface temperature [K]

296 298

Observation (high-resolution)

2019 Jun 21, 22:00 UTC

Sea water potential temperature [°C]
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2019 Jun 21, 22:00 UTC - O m



Motivation and method L

The ensemble Kalman filter (low-resolution):

High-res
observations

Low-res model
(run n times)

(D) Low-res initial conditions (> Low-res forecast (4)Low-res corrected
forecast (analysis)

Computational cost Low (V)
Ensemble size Big(~)
Observation error High (%)

High-res processes Poorly resolved @



Motivation and method L

The ensemble Kalman filter (high-resolution):

High-res
observations

high-res model
(run n times)

(D High-res initial conditions (2) High-res forecast (4)High-res corrected
forecast (analysis)

Computational cost Low () High ()
Ensemble size Big(~) Small ()
Observation error High () Low ()

High-res processes Poorly resolved @ Resolved @



Motivation and method

Super-resolution data assimilation (SRDA)

High-res
observations

Low-res model
(run n times)

Barthélemy et al., 2021 (in review)

Computational cost Low () High(x) Low ()
Ensemble size Big(~) Small (x) Big ()
Observation error High () Low () Low ()

High-res processes Poorly resolved @ Resolved @ Emulated



Setup a numerical experiment

The model

A quasi-geostrophic model (represents the

motion of the ocean surface)
time=0

LR
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The observations .

Synthetic observations: Produce by
high-resolution model (we know
the expected resultl)

30
Mimic satellite altimeter

observations 20
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(Downsccling

»  Asimple cubic spline interpolation

A neural network frained using a
free high-res simulation

VAN




Downscaling performance

Nevural network Simple interpolqtion
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Correction of model error

—— C. Spline
1 —— NN

time=0
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RMSE

Performance of SRDA

- Using a high-resolution model
- Using a low-resolution model
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interpolation
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No interpolation
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Have we learned somethinge

time=0

interpolated True HR NN

Error interpolation Error NN



Machine learning to the rescuee

Learn from from observations and apply to observations (

)

Learn from model and apply to model ( )

Learn from observations and apply to model ( )
Learn from model and apply to observations (

)
Learn at the intersection between observation and model via data assimilation

( )

/ \
Earth system observations >

v I e 2 b

Data assimilation




Cases of applications

Data Assimilation Weather

(except rain)
lce Sheets Ocean

Seaice
Epidemiology dynamics

Seaice

thermodynamics DA + ML?

icebergs ocean BGC Rivers

Atm.
chemist

SAR

Medical
: - Imaging
Data availability and coverage




Conclusions

» Machine learning can complement model and observations to improve our
understanding and the prediction of the ocean/sea-ice system.

» In partficular, it can be very efficient o enhance under-represented scales in model
and observations.

» More application in the review article: “Bridging observation, theory and numerical
simulation of the ocean using Machine Learning”.
https://doi.org/10.1088/1748-9326/ac0eb0

10P Publishing Environ. Res. Lett. 16 (2021) 073008 https://doi.org/10.1088/1748-9326/ac0eb0
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https://doi.org/10.1088/1748-9326/ac0eb0

Challenging questions

Uncertainty estimate (natural in any
DA framework)

Non-autonomous systems (e.g. in @
global warming context)
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