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Where we stand 
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Where we stand 

What kind of model

can capture the

complexity of such

system?

The Scale-Aware Sea Ice Project

SASIP

Dynamical and thermodynamical sea ice model, fully Lagrangian coupled with ocean (Rampal et al. 2016)

Brittle Bingham-Maxwell rheology (Olason, 2021).
neXtSIM
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We aim to emulate sea-ice

process with data-driven

model. 

However, these models are

computationally very costly.

Motivation for my contribution

Physical based models, describe

with great details some of the

many complex processes

occurring in the sea-ice. 

X + Y = 

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. 
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Neural network architecture and training setup 
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neXtSIM outputs,

atmospheric forcing from ERA5 reanalysis  

Current resolution:  48 km

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 



: SIC, SIT, SIU, SIV; MSE loss

: SIC, SIT, SIU, SIV; MAE loss

: Vol, SIT, SIU, SIV; MSE loss

: Vol, SIT, SIU, SIV; MAE loss

σ = std of each variable

Neural network architecture and training setup 
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Loss definition

Models



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.

: SIC, SIT, SIU, SIV; MSE loss

: SIC, SIT, SIU, SIV; MAE loss

: Vol, SIT, SIU, SIV; MSE loss

: Vol, SIT, SIU, SIV; MAE loss

Robustness of the training
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Robustness of the training
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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.

: SIC, SIT, SIU, SIV; MSE loss

: SIC, SIT, SIU, SIV; MAE loss

: Vol, SIT, SIU, SIV; MSE loss

: Vol, SIT, SIU, SIV; MAE loss



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
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: SIC, SIT, SIU, SIV; MAE loss

: Vol, SIT, SIU, SIV; MSE loss

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

: SIC, SIT, SIU, SIV; MAE loss

: Vol, SIT, SIU, SIV; MSE loss

: Vol, SIT, SIU, SIV; MAE loss



Emulator forecasting performances over seasons - RMSE
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Forecast errors are largely

dominated by variance. 

The main challenge lies in

capturing the inherently

variable dynamics of the

sea-ice system.

The most critical season is

the refreezing period (Oct-

Nov-Dec).

: SIC, SIT, SIU, SIV; MSE loss

: SIC, SIT, SIU, SIV; MAE loss

: Vol, SIT, SIU, SIV; MSE loss

: Vol, SIT, SIU, SIV; MAE loss

YEAR WINTER AUTUMNSUMMERSPRING



Emulator forecasting performances over seasons - bias
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: SIC, SIT, SIU, SIV; MSE loss

: SIC, SIT, SIU, SIV; MAE loss

: Vol, SIT, SIU, SIV; MSE loss

: Vol, SIT, SIU, SIV; MAE loss

The bias is also dominated

by seasonality, specially for

sea-ice thickness and sea-

ice concentration.

YEAR WINTER AUTUMNSUMMERSPRING



Sea-ice concentration at 30-day lead time during Oct-Nov-Dec
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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). 

: SIC, SIT, SIU, SIV; MSE loss

: SIC, SIT, SIU, SIV; MAE loss

: Vol, SIT, SIU, SIV; MSE loss

: Vol, SIT, SIU, SIV; MAE loss
The bias for SIC and SIT show high locals values (up to 20% for SIC). 
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Sea-ice concentration at 30-day lead time during Oct-Nov-Dec
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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? 
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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. 

filter



Power spectrum density
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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.

: SIC, SIT, SIU, SIV; MSE loss

: SIC, SIT, SIU, SIV; MAE loss

: Vol, SIT, SIU, SIV; MSE loss

: Vol, SIT, SIU, SIV; MAE loss



Where we are
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We are here



Future prospective: towards probabilistic model

18

We want to bring together

physical interpretability and

ensemble forecasting



Thank you!



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



Sea-ice deformation Oct-Nov-Dec
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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.
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