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Introduction

Ocean and sea-ice play a fundamental role within the Earth system 
model at several timescales: the ocean has a huge capacity to 
store and triggers Earth system inertia, while sea-ice influences 
surface heat, moisture and freshwater flux, modulating the Earth's 
temperature. Present state-of-the-art global ocean/sea-ice 
reanalyses are generally limited by the ingestion of few data 
types, mostly disentangling the ocean and sea-ice sectors. In 
particular SLA and SIC are assimilated, SST is generally used during 
model integration, SSS and SIT are rarely used.
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The CMCC Reanalysis System (C-GLORS) has been used in the last 
decades to simulate realistic ocean and sea-ice conditions (Storto 
et al 2016;2019). The system has been presently enriched with a 
new sea-ice DA scheme (Cipollone et al, 2023). In COMET, we plan 
to further extend the C-GLORS system, ensuring consistent 
corrections across different model components (ocean and sea-
ice) by proposing a strongly coupled approach and with the help 
of diverse observation operators. 
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Fig2: Structure of the c-glors new system with cross covariances between 
ocean and sea-ice (new algorithm in RED)
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Strongly coupled approach

Objectives:  

-) Analyze the model sensitivity to the observations, quantifying 
which dataset is more informative for the model point of view
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Fig4: Example of the vertical correlation between 
ocean and sea-ice variables  for summertime

Fig5: Example of the balance increments obtaiined 
when assimilating SIC only

The synchronous ingestion of corrections 
in a coupled model, is essential for 
generating realistic and balanced initial 
conditions and avoiding initial shocks. In 
COMET, SIC, SIT, SST, SSS and SLA will be 
assimilated at once, coupling gaussian-like 
sea-ice variables (through anamorphism) 
and ocean ones via covariance matrix (see 
Figure 4) thus generating increments that 
are consistent within themselves. Figure 5 
shows increments for all the variables 
obtained by assimilating only SIC data for 
one day.

SST is the most monitored ocean 
feature within the satellite era, 
however a variety of SST datasets 
have been produced in recent 
years, each one with almost 
unique characteristics 
(with/without diurnal cycle, 
dust/cloud influence, etc) and 
differing from the model SST 
variable roughly at 0.5m. We use a 
ML scheme to project the satellite 
sst retrievals onto the first model 
level.

Fig2: Cartoon explaining the different observation types 
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Figure 7. Temperature maps of the bias (first column) and RMSE (second column) of different experiment against in situ
observations integrated down to 100m. The rows shows the results for the different experiments (subskin, ML-unbiased) with
assimilation of SST only. For the ML-unbiased experiment, the RMSE is plotted against the subskin experiment taken as a
reference (blue/red color means better/worse than the reference).

5. Results

The ingestion of SST data is largely affecting the first layers of the model through vertical covariance in B,
reaching the bottom of the mixed layers at least. We investigate the benefits of ML-assisted approaches with
respect to a direct assimilation of subskin SST by validating the experiments against (sub)surface in situ
observations from EN4 (Good et al 2013).

To quantify the impact of the ML operator in reducing the temperature in situ RMSE and bias, the spatial
temperature bias (first column) and RMSE (second column) integrated down to 100m are shown in figure 7
for the subskin and ML-unbiased experiments with assimilation of SST only. The warm bias of the subskin
experiment exceeds 2◦ C, while the ML-unbiased experiments significantly reduces it at global scale. The
RMSE for the ML-unbiased experiment is shown against the subskin one taken as reference, so that blue
(red) color indicates it is better (worse) than reference. The blue areas show the large improvement brought
about by the ML operator, which are more prominent at places where the subskin experiment presents larger
errors. The RMSE for the ML-unbiased experiment can be more than 1◦ C better than the subskin
experiment, which translates into an improvement of up to 20% at global scale in the first 100m of the
vertical column w.r.t. the subskin experiment (not shown).

These improvements are still present in realistic experiments where the assimilation of in situ and SLA
observations, on top of SST, is also performed. The impact in this case is reduced since in situ observations
are already assimilated and the validation can be considered semi-independent. The vertical profiles of RMSE
and bias against in situ observations are plotted for these experiments in figures 8 and 9, respectively. The
plots show results for different regions, namely for the global ocean, the southern extra-tropics (from 60◦ S
to 20◦ S of latitude), the tropics (from 15◦ S and 15◦ N of latitude) and the Northern Extra-Tropics (from
20◦ N and 60◦ N of latitude). To highlight the differences with respect to the baseline subskin experiment, the
difference between the RMSE of the various experiments with respect to the subskin is plotted, so that
negative values indicate lower RMSE w.r.t. to subskin experiment. The vertical profiles shows that the
ML-unbiased experiment is able to significantly reduce the RMSE compared to the subskin experiment, with
a global improvement of up to 10% in the first 100m of depth3, while the free-run shows the highest RMSE.

3 The percentage is obtained by normalising the difference in RMSE with the RMSE of the subskin experiment.
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Fig3: Insitu Bias and RMSE, integrated between 0-100m, for the two 
experiments: 1) assimilation of original subskin SST. 2) assimilation of 
unbiased SST via ML . Statistics over the whole 2018 are considered. 

-) Exploring the benefit of assimilating diverse surface satellite 
datasets (SLA,SST,SSS,SIC,SIT) in a strongly coupled fashion, 
paving the way for future production

A pix2pix scheme (conditional generative adversarial network) is used to unbias 
the subskin temperature and assimilate it in a reanalysis-like simulation 
(Broccoli et al 2025). Results shown an improvement in the subsurface 
temperature when unbiased SST are assimilated w.r.t. subskin SST especially in 
the Tropics (Figure 3). Validation is performed against independent insitu 
temperature observations from EN4 dataset (Good et al 2013)

Fig1: Available satellite observations that can be potentially used by 
reanalysis system


