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1 Introduction }

Satellite-based precipitation estimates are fundamental for monitoring the
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global water cycle and supporting applications such as hydrological
forecasting and hazard assessment. Within the EUMETSAT H SAF (Satellite
Application Facility for Operational Hydrology and Water Management)
framework, passive microwave observations from low Earth orbit (LEO)
satellites are exploited to generate global precipitation products. The
combination of a distributed satellite constellation and advanced retrieval
techniques enables improved monitoring of rainfall and snowfall at global

scale (Sano et al., 2022) .

Objective

Cavaliere 100, Rome, ltaly

Contact: laurasoncin@cnr.it

e e e e e e e e e e e e e e e e e e e e e e e e e

Motivation

The FengYun-3 (FY-3) satellite series provides new opportunities for
precipitation estimation through MWHS and MWTS observations,
including underexploited channels around 118 GHz. This work aims to
develop a machine learning-based precipitation retrieval algorithms for FY-
3 MWHS/MWTS observations within the EUMETSAT H SAF framework,
integrating satellite measurements, spaceborne radar-based reference,

and ECMWF atmospheric information.
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