A Machine Learning Approach to Determine Surface Radiative Fluxes based on CERES Observations
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ANN Surface Fluxes

The Clouds and Earth’s Radiant Energy System (CERES) project provides satellite- Surface SW Down Surface LW Down Day Surface LW Down N Ight

based observations of the radiative fluxes and clouds systems. CERES climate (Jan 4, 2020) (J an4, %920) (Jan 4! ZWOZO)
quality data products typically take several months of calibration and validation s T T e P 20]/259.%823#,(&“ S btz e ozuzaoan mee bozetanzd
before release to the public. The Fast Longwave and Shortwave Radiative Flux

(FLASHFIux) data product was developed to provide key data for the applied
sciences and educational users within a week of observation. FLASHFIlux achieves
this by using simplified calibration, an operational meteorological product from
Global Modeling and Assimilation Office (GMAO), and 1ts own surface
parameterizations model. The CERES FLASHFIlux provides two data products: 1)
an hourly Level 2 Single Scanner Footprint (SSF) data separately for Terra and
NOAA-20 observations, and 2) a daily Level 3 Time Interpolated and Spatially
Averaged (TISA) 1° x 1° gridded data that combines Terra and NOAA-20

observations.
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surface fluxes. A new Machine Learning based approach using Artificial Neural . o .
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