New : near-real-time SMOS soil moisture product

N. Rodriguez-Fernandez (1,2), J. Muhoz-Sabater (2), P. Richaume (1),
P. De Rosnay (2), Y. Kerr (1), F. Aires (3), M. Drush (4), S. Mecklenburg (4)

%@’0 (1) Centre d’Etudes Spatiales de la BlOsphere, Toulouse, France

CECMWF (2) European Centre for Medium-Range Weather Forecasts, Reading, UK
Estellusy (3) Estellus, Paris, France
(4) European Space Agency, ESTEC. Noordwijk (NL) and ESRIN, Frascati (IT)

Introduction

Numerical weather prediction and hydrological applications such as flood risk
assessments need estimations of soil moisture (SM) as soon as possible after sensing.
This poster presents a new SM dataset produced and dissaminated in Near-Real-Time
(NRT, ~ 3hours after sensing).

The NRT SM product is obtained from Soil Moisture and Ocean Salinity (SMOS)
satellite observations and it is based on a neural network algorithm.
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SMOS NRT 0.049 0.55 -0.024
SMOS L3 0.064 0.50 -0.026
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 The NRT SM product is very similar to the SMOS operational SM but available in less than 3hrs |
after sensing

 The results presented here have been obtained training the NRT neural network with SMOS L3 SM
from CATDS. The neural network for the official ESA product is trained with the operational SMOS
L2 SM

 The implementation is in progress at ECMWF in collaboration with CESBIO

« The SMOS NRT SM product will be available in 2015 in NetCDF format

_* It will be distributed by GTS and EUMETCast p
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