Assimilation of satellite precipitation data with EFSO
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Precipitation assimilation Using EFSO to accelerate assimilation development (Lien et al 2016, in preparation)
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* Advantages:

— Easy to compute; do not need linearization of models.
— Applied to all types of ensemble data assimilation Reduction in forecast errors (in terms of a given norm)
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* The NASA’s TMPA and the JAXA’s GSMap satellite precipitation data are successfully assimilated into different global models.

* The effective precipitation assimilation is achieved by: 1) the LETKF 2) Gaussian variable transformation 3) proper QC criteria.
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 We demonstrate the use the EFSO to efficiently analyze the assimilation impact of precipitation data. The results are consistent with OSEs.
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