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Motivation and Objectives

®  Physics-based climate predictions are inherently affected by errors of
different nature.

®  Seaice modeling presents additional complexities due to its multiscale,
multiphase, discontinuous nature.

U

= Development of hybrid physics-data-driven models for sea ice

predictions
= State-dependent parametrizations of model errors, learning from the analysis
increments
A True state
Model

Observations

Xe1 = M(xp) + €

Physics-based model ML model _ } &

tk tk+1 tk+2 t|me

Forecast state
Forecast error




Two modeling scenarios of increasing complexity

condensation Wind drag

Icepack — 1D ice column model
® State-of-the-art column physics module (CICE)

® Thermodynamics and Ice Thickness Distribution transport
® No advection

C-GLORS — CMCC Global ocean-sea ice reanalysis system
® (Ocean component: NEMO v4.2

® Seaice component: CICE6

® 3D-Var
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Experiments with Icepack

6 locations simulated

P5

7 ice layers + 1 snow layer

Coupled slab ocean model

5 ice thickness categories

Atmospheric forcing from ERA5 (1993-2007)

Parameter Default
aramene etad Distribution | Min value
description (true) value

Training against parametric errors

Thermal

conductivity of 0.3 Uniform 0.03 0.65
snow (W m~'K™")

Max. melting snow

L 1500 Triangular 250 3000 1500
grain size (um)

Urrego-Blanco et al. 2016, Uncertainty quantification and global sensitivity analysis of the Los Alamos sea ice model

= 30 different configurations were generated sampling the
parameters independently from the distributions in the table.

= Default parameters for the true run

= Forecast errors at 60-days lead time



Training data and neural network architecture

Features at

«analysis» time  Inputlayer  layer1 Layer2  Qutput layer
Absorbed sh 61 20 20 5
e LeakyRelLU
wave flux(1) —— O\ (LeakyReLU) (LeakyRelU)

Longwave radiation(1)

Outgoing longwave
radiation(1)

Total precipitation rate(1)
Snow fall rate(1)
Air temperature(1)

Ice concentration(5)

Ice volume(5)

Snow volume(5)
SIC (SIV)
forecast errors for all
ice categories

Surface temperature(5)

Ice enthalpy(5x7)

KZ MLP for each member (for SIC and
SIV with the same architecture)
* Dataset size: 3132 instances (10 years,
weekly frequency, 6 locations)

N~ | ©
| O
o | O
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B Training Validation Test
* MSE loss

2002
2003

* Early stopping based on validation Iosy




The hybrid Icepack-NN model

Xk+1 = M(x,’cl)

Time-correlated forcing
perturbations P — (0%, X111)
1 ) 1

e (10m wind, 2m temp) k+1 et g fet
! h _ pcon
: X1 = 11 (xk+1

State of the J:,

i .
hybrld mOdeI / Atm- forCIng .................. . Cycle n \
h o
[jcon x,'jﬂ

xk 60th day

Model forecast Model
eelE Force ode

state n Icepack 'T state n+1 Cycle n+1 —

Figure: Schematic of NN correction integrated in the model's online execution, forming the hybrid model loop

Forecast models Correction type

A4

A4

Icepack-NN NN-based
Icepack N/A
Error climatology
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Icepack-wclim



Ice volume [m]

Hybrid model execution

3 systems simulated (lcepack, Icepack-NN, Icepack-wclim)

30 configurations tested.

Time-correlated perturbations applied to the atmospheric forcing
6 locations (same as for training data)

52 start dates (1 per week in 2004)

End date: 31-12-2007

Ice volume

= True state
-=-= lcopack

---- lcepack-NN
---- lcepack-wclim



Forecast Month
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Seasonal and geographical error patterns

Sea Ice Volume Forecast RMSE
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0.05

Icepack-NN
400 600 800 1000
Lead time [days]

. 0.00
200
Errors strongly depend on the forecast month

Larger errors during spring months

Icepack-NN works better than Icepack-wclim
(60% vs 40% RMSE reduction)

Error vanishes in southernmost locations from August
to November.

— lIcepack

—— Icepack-NN
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Transfer learning experiments

= Selected source-target model pairs

[ Collect data to correct a specific model ] = Applied retraining and fine-tuning using increasing
U amounts of new training data

=  Optimized the learning rate for each case
[ Train a NN to correct model error ]

fine tuning retraining

[ Deploy the hybrid model ]

0.0020

0.0018

- 0.0016

- 0.0014

r 0.0012

Number of Years
Validation MSE

Can we take advantage
of the pretrained NN?
To what extent?

0.0010

0.0008

0.0006

3.16e-05 1.00e-04 3.16e-04 1.00e-04 3.16e-04 1.00e-03
Learning Rate Learning Rate 9



Transfer learning experiments

A successful case: Transfer learning works A negative result
Fine tuning Retraining Fine tuning Retraining
] : L o 0.0025 4 1 ——
0.0015 - Fine tuning - Similar ] Retraining » Similar
1 erformance ] erformance
| better p 0.0020 1 better p
L | L ]
wn 1 7)) ]
= 0.0010 - = 0.0015 -
] Q% 0.0010 1 T — ——————
0-0005'I""I""I""l""l""[""l""I' -'I"“I""I""I'"I""I""I""I'
1 2 3 4 5 6 7 8 1 2 3 4 5 6 7 8
Years of training data Years of training data

=  Fine-tuning can be beneficial when a limited amount of new training data is available.
= As more years of new training data are introduced, the performance of the two approaches tends to
converge.

= Direct transfer results provide information on fine-tuning potential
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Assessing transfer learning potential

* Fine-tuning vs Retraining using 1 year of training data

e Several source-target model pairs tested

MSE™

MSE™

3.5 51 * When nMSEPe<1, is
preferred

3.0

*  When nMSEP™ > 10, retraining is better
2.5

*  When 1< nMSEPe< 10, both approaches
2.0 should be tested
1.5
1.0 [=] 7% 35 [=]

De Cillis et al. 2026 =
0.5 accepted in QJRMS
0.0
1072

Direct transfer MSE

(NMSEPTe)

Uncorrected Forecast MSE 1



C-GLORS reanalysis data

CMCC Global Ocean Physical Reanalysis System SEA ICE THICKNESS DATA
® 1995 -— 2023’ g days assimilation cycle #1995 - 2010/09: assimilation of PIOMAS dataset
«2010/10 - 2024:
® Seaice assimilated data: «  mid-Oct - mid-Apr assimilation of CS2 + SMOS
° Sea ice concentration: OSISAF *  mid-Apr - mid-Oct no direct thickness observations

®  Seaice thickness: PIOMAS, Cryosat2 (CS2), SMOS

Missing SIT observations in
summer

SIT increments RMS and mean l

0.4

ol MY AANAAE
001 L AAANANAAAAAANAf

—+ rms

Lmi

PIOMAS Cryosat2 + SMOS
: 12




NN development and validation

MODEL DEVELOPMENT STRATEGY: MODEL

Sp||t the dataset into the two periods . U-Net predicting SIC and SIT increments
Use the PIOMAS period for initial training and validation Two output heads for SIC and SIT

Benchmark against climatological predictions * Partial convolution for the land mask
& gicalp INPUT FEATURES:

* Seaice, ocean, and atmospheric predictors

The U-Net outperforms climatology on the PIOMAS period

SIT increments RMSE SIC increments RMSE
0.359 —— rmse NN 1 — rmse NN ;
~— rmse clim ) : i },“ ! rmse clim I|| "
-== ground-truth rms mh i fua 0.10 9 ==~ ground-truth rms fl n
- PRI A ¥ i
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i i /| i
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| 0.08 ‘\ \ 14 1
0.25 v 1Hh :
|
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0.20 |l
0.15 0.04 A
0.10 0.02
oY, 9 Q’\ Q’\- Q’\- oY Q‘\ 0’\. 0’\ oY O 0 o%, oY, oY Q\ Q’\ 0\- Q‘\— g\-
O '5 6 9 0 ’5 6 O O 9 ") 6 ’L 0T O TAL Y o oY
&g 1\’%0 O AR A AR ° 1x %° ® \’09009009009\00\00 &
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RMSE [-]

RMSE [m]

Spatial RMSE maps

SIT increments RMSE
0.40

NN - Clim
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Gaps in SIT observations challenge NN training

Same U-Net architecture, trained separately on two periods

1995-2010/09 data (PIOMAS SIT assimilation) 2010/10-2024 data (CS2SMOS SIT assimilation)

Thickness Time Series Thickness Time Series

0.35 9 — mse 0.40 — mse
—— ground-truth rms ’ ground-truth rms

0.35 4 !
0.30 1
0.30 1
0.25 0.25
0.20 -
M
afV
|

[m]
[m]

0.20 A 015 L W\': !
| |
0.10 | |
0.15 - U J
0.05 -
0.10 T T T T T T T T T T T T T 0-00_ T T T T —
9 A1 o g0 . o® Al o o0 o Al o o P A 0 \ 5 A i A C i i
D R R R P P N R AR oS 0 a8 0% (ST Higher than baseline RMSE in
Date [yy-mm] observation-free seasons

+ Key point: In seasons without SIT assimilation, increments are a weaker proxy for model error, so lower scores may
not indicate poorer bias prediction.
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Exploiting transfer learning to learn from the full dataset

SIT increments RMS and mean

0.4 -
_0.2-
E
hoA
0.0 1 — mean
—% I'MS
oY o oY o o> oY oY oY
0% 2o° 2 Lo° 1O} ° N Ya
PIOMAS ) Cryosat2 + SMOS
Learn increments Learn increments from
from the PIOMAS e the CS2SMOS period
period

*  More robust feature maps
* Extrapolate to periods

K without SIT obs /
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Direct transfer as an indicator of task similarity

U-Net trained on the PIOMAS period, applied without retraining to the CryoSat2/SMOS period

SIC increments RMSE

0.175 A

0.150 -

0.125

0.100 A

0.075 A

0.050 -

0.025 A

—— rmse
—— ground-truth rms

SIC skill remains good under direct transfer

SIT skill is limited, but does not fall below the zero baseline

0.4 A

\/

0.2 4

0.3

0.1 4

0.0 4

SIT increments RMSE

—— rmse
—— ground-truth rms

P L S O L ® L L P
,LQ'\:\"G ,LO\}’Q 10\}’0 ,LQ'Q"G ,@\}’Q 10'\,1’0 ,Lg'\:ﬁ'o ,Lg\ﬁ’g 10\,3’0

These results motivate fine-tuning to extend SIT bias prediction to observation-free seasons.
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Next steps for the 2D C-GLORS system

®* Test fine-tuning strategies to make predictions in the CryoSat2 period
and extrapolate to observation-free seasons

®* Integrate the U-Net into the DA system for online bias correction

SIT increments 2007-09-25

Ground Truth Prediction Clim_pred
f,»f' 1 w\\g r”j 7 2 r”j 7 -
S S 4 S ¥ y « = S ¥
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- 0.20

--0.20
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Thank you for your attention!




Forecast RMSE on

the training set

m_09
m_18
m_08
m_13
m_14
m_27
m_11
m_05
m_20
m_28
m_24
m_22
m_06
m_10
m_16
m_23
m_29
m_19
m_02
m_25
m_07
m_26
m_01
m_ 21
m_15
m_04
m_30
m_12
m_17
m_03

NN training and offline performance

Loss function

Ice volume RMSE on the test set

EE Train loss
Il Val. loss
B Test loss

m_09
m_ 18
m_08
m_13
m_14
m_27
m 11
m_05
m_20
m_28
m_24
m 22
m_06
m_10
m_16 A
m_23
m_29
m_19
m_02
m_25
m_07 A
m_26
m_01
m_21
m_15
m_04
m_30 A
m_12 A
m_17 EEm Forecast RMSE

m_03 s Residual RMSE

0.05 0.10 0.15 0.20
RMSE[m]

0.

[=]
[=]

The NN works better when
there are large errors to
correct

Up to 80% ice volume RMSE
reduction
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Hybrid model forecasting performance

W NN [l wclim + BIAS Icepack = 0 ® BIAS Icepack < 0
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0.6 e Icepack 0.56 .
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. 0.4 . 5 . - 0.40
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e -0.24
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- e -0.16 . . .
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-0.2 0.0 0.2 -0.2 0.0 0.2
L 0.00

BIAS, BIAS, o1



C-GLORS SIT analysis increments monthly climatologies

PIOMAS Jan

PIOMAS

PIOMAS Feb

PIOMAS Mar

PIOMAS Jun
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Feature selection

Permutation Importance-based
Recursive Feature Elimination

Rows represent successive iterations
(top to bottom). Square colors denote
the increase in validation loss caused
by permuting each feature, relative to
the reference obtained without
permutations. Reference validation loss
values are shown in the right panel. At
each iteration, the feature whose
permutation produces the smallest
increase is removed, indicated by
hatching in the subsequent row and
labeled on the left.

A loss with perm.
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