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INTRODUCTION | At the sea surface, satellite data provide synoptic observations of multiple essential variables with high spatio-temporal resolution. However,

satellite cannot observe deeper ocean layers, where data acquisition relies entirely on accurate but sparse in situ sensor measurements. Within the 4DMED-Sea project
we developed a data-driven approach to combine surface observations and vertical profiles. We implemented an algorithm based on artificial intelligence (Al) to project
surface values at depth and provide a 4D-reconstruction of key physical and biological variables (temperature T, salinity S, density D and chlorophyll-a Chl). Then, the
reconstructed 4D physical tracers have been integrated with surface geostrophic currents to derive the 4D geostrophic velocities. 4D Chl, T and atmospheric-ocean
model outputs were finally used to estimate 4D primary production (PP) fields. Scientific analysis of 4D data is ongoing.
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* Improvements of the new 4DMED product,
especially in the first surface layers, with RMSE
(T<0.2, S<0.08 and CHL<0.07) lower than those
obtained in the Buongiorno Nardelli, 2020 (T<~0.6,
5<0.2) and Sammartino et al. 2020 (CHL >~0.25).
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RESULTS.2| Generation of the 4DMED-SEA bio-physical fields
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obtained by applying a modified version of Morel
(1991) model on the A4DMED bio-physical  Data combination: better coverage and understanding of ocean variability, which would
temperature and chlorophyll fields. - : ..
be difficult to achieve using just one data type
The final ADMED-Sea database is freely distributed: Al Model Development and Refinement: further adjustments to improve accuracy and
https://doi.org/10.25423/CMCC/ADMEDSEA_BIOPHYS_REP_3D efficiency. Expanding to incorporate/retrieve additional variables (e.g., dissolved oxygen).
R  Broader Geographical Application: Future applications could involve expanding this
* Arbic, B. K., Scott, R. B., Chelton, D. B., Richman, J. G., and Shriver, J. F.: Effects of stencil width on surface ocean geostrophic velocity and vorticity estimation from gridded satellite altimeter data: .
OCEAN GEOSTROPHIC VELOCITY ESTIMATION, J. Geophys. Res. Oceans, 117, https://doi.org/10.1029/2011JC007367, 2012. model to other regions.
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