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OCEAN X Mercator NN-Forecasting system

INTERNATIONAL
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GRS Upwelling systems

INTERNATIONAL
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sst_cooling = offshore_sst - coastal_sst
chl_enrichment = coastal_chl - offshore_chl UC=)4(std(ano(sst_cooling))+std(ano(sst_enrichment)))

Canary upwelling composite | r=0.81
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Surface-variable time series: ensemble mean vs reanalysis
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MERCATOR Sea Ice

Surface-variable time series: ensemble mean vs reanalysis
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OCEAN O Climate indicators

INTERNATIONAL
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Integrated Ocean Emulator
* Next:

Ya res., higher vertical sampling, daily
proper evaluation

Replace prior sampling with stable diffusion
Couple with ML-atmospheric models

IOE ensembles --> OMIP

O O O O O

* Digital Twin:

o Cheap solution for new services
o What if, MCDR..
o Long-term planning..
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