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Where we stand
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What kind of model
can capture the
complexity ot such

system?

X¢SIM < e Dynamical and thermodynamical sea ice model, fully Lagrangian coupled with ocean (Rampal et al. 2010)
neAt e Brittle Bingham-Maxwell rheology (Olason, 2021).
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(oMo h sea ice thickness volume of ice per unit area m
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Motivation for my contribution

Physical based models, describe
with great details some of the However, these models are

—> .
many complex processes computationally very costly.
occurring in the sea-ice.
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We aim to emulate sea-ice
—> process  with  data-driven
model.
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We now build a multi-variate emulator including also

bJ

sea-ice concentration (SIC) and sea-ice velocities
( ) ( Data-driven surrogate modeling of high-resolution sea-ice thickness

SIW . in the Arctic

Charlotte Durand’, Tobias Sebastian Finn', Alban Farchi', Marc Bocquet', Guillaume Boutin?, and Einar Olason’

'CEREA, Ecole des Ponts and EDF R&D, lle-de-France, France
“Nansen Environmental and Remote Sensing Center, 5007 Bergen, Norway

Final goal: create an emulator for sea-ice system that
can be a wuseful tool for faster simulation and data Ea )
assimilation application. L> qu



Neural network architecture and training setup

U l

onvNeXt
-

2
Z
8 '

ConvNeXt
Down
-
m

Inputs Outputs
3 Y
Xt’ Pf;tﬁth t 7 Ff,fﬁ,flz ~ t 3 Yf
| +
siT T c . siv ) Y
@ \ 7 | ‘E
.“v nU.'l"U a:'m:- l‘ ::“} ’U:ﬂa:tﬁ‘: J _” ._.-_{ ) 1.E['I! ) 5 T

V10 ar

e neXtSIM outputs,

.| -; . . e atmospheric forcing from ERADS reanalysis

o e o Forcing are given at different times, and they are Dataset
: ‘y . St B interpolated from ERAS grid to neXtSIM grid. Training: from 2001 to 2014
nedl. i- “ ’ e Current resolution: 48 km Validation: 2015

Test: form 2016 to 2018



Neural network architecture and training setup

U l

onvNeXt
ConvNeXt
m
-

2

HENE
go-lo-l
!l

Inputs

1)

Xtr Pf,fs,

- 1
ST [
s, 1 . s e F s "\-- ) - e 9 1
i T |BRE . ™ "
i F | an
i L R Y ] Mo e "
T o = #
B » , 'J"-'L 'I' & . "
ey .
- : vl By - 0y '
v IR |7 5 - -
i 3
- " 9 F . .
® @ o® om Hw o : mowm A& @ e = = 4
L] L4
U10 at 10 UL0 at th _ att
5 B4 .
!
- e -
[ . = F2 -
[ » = - e
- & w . *
- = - . &
-
a B .
- P : n e E a o - s §

V10 at th

e
-
o
a
=1
*
n
- are &
L
L G
| - =
T
L "
I b
-
® =
¥ & W 5 a8 L

f12 tr

tte,t12

Loss definition

1 Nvar 1
L = Nvar Z O-—i(ZOSSi)

1

o = std of each variable

L ”"\ , oS e A MSE : SIC, SIT, SIU, SIV; MSE loss
: |
', \ ¥, i:"yl ._ M& - M()dels — A MAE SIC, SIT, SIU, SIV; MAE loss
"3 .'-.‘.; P .:; = % .:J'.:.-. o e o T - =:

== B, MSE : Vol, SIT, SIU, SIV; MSE loss

e B MAE Vol SIT, SIU, SIV; MAE loss
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Robustness of the training
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Emulator forecasting performances
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30 days forecast skills,
averaged over the whole testing

period.

The model performs better
than persistence model in
terms of the RMSE and MAE

evaluation metrics.

Explicitly supervising sea-ice
concentration is critical for
accurate forecasts.



Emulator forecasting performances

A, MSE e A MAE o= B MSE o= B MAE =+----- Persistence
SIC SIT [Mm] 0.08 SIU [m/s] SIV [m/s] A, MSE : SIC, SIT, SIU, SIV; MSE loss
0.207 parneanareperniaTII PR = A, MAE SIC, SIT, SIU, SIV; MAE loss
' 0.3+ ’ . R
015 0.06 : 0.061 : —— B, MSE : Vol, SIT, SIU, SIV; MSE loss
_- ;. = B, MAE Vol, SIT, SIU, SIV; MAE loss
EO.IO— 0.044 : 0.04- :
z: : :
0.054 0029 F 0.02- f 30 days forecast skills,
0.00- 0,00 0.00 averaged over the whole testing
| | | | 1 | | I | | | | | | I | . d
0.20 C0oaq petiod.
0.08 . T
0.15+ 0.034 0.034 .
0.06- : : The model performs better
£0.044 | 0104 7 0.02 : 0.02 : than persistence model in
0.02- 0.05- 0.01 — 0 terms of the RMSE and MAE
| F evaluation metrics.
0.00 1 0.00 4 0.00 0.00 -
| | | |
00150_ . . ° ° °
. . 0.001 - Explicitly supervising sea-ice
—~0.0025 - concentration is critical for
0.0100 .
5 ~0-0050- 0.0075 accurate forecasts.
Rl 0.0050 1 —0.001 -
—0.0100 0.0025
—0.0125 0.00004 —0.002 -+ )
| | | | [ | | I | | | | | | | |
0 10 20 30 0 10 20 30 0 10 20 30 0 10 20 30

lead time (days) lead time (days) lead time (days) lead time (days)



Emulator forecasting performances over seasons - RMSE

YEAR WINTER SPRING SUMMER AUTUMN
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Forecast errors are largely
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The main challenge lies in
capturing the inherently
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sea-1ce system.
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SIV [m/s]

Emulator forecasting performances over seasons - bias
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SIC

SIT

Sea-ice concentration at 30-day lead time during Oct-Nov-Dec
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The bias for SIC and SIT show high locals values (up to 20% for SIC).
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Bias computed as

(surrogate - neXtSIM)

e blue: underestimation
of the surrogate (in
central pack and

marginal zone for SIC);

e red: overestimation of
the surrogate (boundary
with land for SIT for
both SIT and SIC).

A, MSE : SIC, SIT, SIU, SIV; MSE loss
A, MAE SIC, SIT, SIU, SIV; MAE loss
B, MSE : Vol, SIT, SIU, SIV; MSE loss

B, MAE Vol, SIT, SIU, SIV; MAE loss
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Sea-1ce concentration at 30-day lead time during Oct-Nov-Dec
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Does the bias correlate with the temporal variability?
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The central Arctic regions show a stronger correlation, for both models. The model A#0

A, MAE 1s generally slower than A, MSE 1n representing the refreezing process.
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PSD at 30 days

The predicted fields are smoothed compared with ground truth, due to the minimization of the

MSE/MAE during training. This effect is measured with the power spectrum density analysis.

Power spectrum density

Here, the PSD is averaged over all the forecast cycles.
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Where we are

Model comparison: physical realism vs physical interpretability

physical interpretability

O O [size « model cnmplexity]

Generative Al models enable efficient and
physically consistent sea-ice simulations

5 . . ® . o
Tobias Sebastian Finn!", Mare Bocequet!, Pierre Rampal?,

Charlotte Durand?, Flavia Porro®, Alban Farchi,
Alberto Carrassi®

'CEREA, ENPC, EDF R&D, Institut Polytechnique de Paris,
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‘ x ] h Marne-la-Vallée, 77455, France.
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physical interpretability

Future prospective: towards probabilistic model

Model comparison: physical realism vs physical interpretability

@9 000

O O
Climatology
Persistence
Deterministic
Ensemble forecasting
Diffusion

[size « model cumplexity]

Q/: mble forecasting

We want to bring together

physical interpretability and

ensemble forecasting

physical realism
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Thank you!



pred SIC
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Does the bounded nature of SIC induce bias?

Pred vs truth
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Towards diffusion models for large-scale sea-ice modelling
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We do not observe a significant underestimation of the SIC at the upper bound.

500

102

10!

10°

point density

20



neXtSIM

A, MSE

A, MAE

Sea-ice deformation Oct-Nov-Dec
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	neXtSIM
	Dynamical and thermodynamical sea ice model, fully Lagrangian coupled with ocean (Rampal et al. 2016)
	Brittle Bingham-Maxwell rheology (Olason, 2021).


	Motivation for my contribution
	Physical based models, describe with great details some of the many complex processes occurring in the sea-ice.
	However, these models are computationally very costly.
	We aim to emulate sea-ice process with data-driven model.
	Starting from

	We now build a multi-variate emulator including also sea-ice concentration (SIC) and sea-ice velocities (SIU, SIV).
	Final goal: create an emulator for sea-ice system that can be a useful tool for faster simulation and data assimilation application.

	Neural network architecture and training setup
	neXtSIM outputs,
	atmospheric forcing from ERA5 reanalysis
	Forcing are given at different times, and they are interpolated from ERA5 grid to neXtSIM grid.
	Dataset Training: from 2001 to 2014 Validation: 2015 Test: form 2016 to 2018

	Neural network architecture and training setup
	Loss definition
	σ = std of each variable

	Models

	Robustness of the training
	All configurations show stable optimization.
	The effect of the loss-variable choice is most relevant.
	The bias represents a subtle but structurally more complex component of the error.

	Robustness of the training
	All configurations show stable optimization.
	The effect of the loss-variable choice is most relevant.
	The bias represents a subtle but structurally more complex component of the error.
	The autoregressive error accumulation progressively dominates the forecast error. At 30 days, it is more difficult to distinguish between model configuration.

	Emulator forecasting performances
	30 days  forecast skills, averaged over the whole testing period.
	The model performs better than persistence model in terms of the RMSE and MAE evaluation metrics.
	Explicitly supervising sea-ice concentration is critical for accurate forecasts.

	Emulator forecasting performances
	30 days  forecast skills, averaged over the whole testing period.
	The model performs better than persistence model in terms of the RMSE and MAE evaluation metrics.
	Explicitly supervising sea-ice concentration is critical for accurate forecasts.

	Sea-ice concentration at 30-day lead time during Oct-Nov-Dec
	Bias computed as  (surrogate - neXtSIM)
	blue: underestimation of the surrogate (in central pack and marginal zone for SIC);
	red: overestimation of the surrogate (boundary with land for SIT for both SIT and SIC).
	The bias for SIC and SIT show high locals values (up to 20% for SIC).

	Sea-ice concentration at 30-day lead time during Oct-Nov-Dec
	Bias computed as  (surrogate - neXtSIM)
	blue: underestimation of the surrogate (in central pack and marginal zone for SIC);
	red: overestimation of the surrogate (boundary with land for SIT for both SIT and SIC).
	Let’s focus on the models with configuration A (SIC, SIT, SIU, SIV). Let’s look at the whole Arctic domain, and at the central Arctic (reg 1), the east Siberian sea (reg 4), and the east Greenland sea (reg 8) regions.


	Does the bias correlate with the temporal variability?
	filter
	The central Arctic regions show a stronger correlation, for both models. The model A, MAE is generally slower than A, MSE in representing the refreezing process.

	Power spectrum density
	The predicted fields are smoothed compared with ground truth, due to the minimization of the MSE/MAE during training. This effect is measured with the power spectrum density analysis.
	Here, the PSD is  averaged over all the forecast cycles.

	Where we are
	We are here

	Future prospective: towards probabilistic model
	We want to bring together physical interpretability and ensemble forecasting

	Thank you!
	Does the bounded nature of SIC induce bias?
	We do not observe a significant underestimation of the SIC at the upper bound.

	Sea-ice deformation Oct-Nov-Dec
	Sea ice deforms where sea-ice is weaker.  Convergence leads to ridging and divergence to further thinning of sea ice.
	Yet, the surrogate shows loss of small-scale information.
	The divergence and shear show fewer pixels with weak and strong deformation.


