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Shallow Cu surface irradiance PDF is bimodal

Glenn, Sebastian Schmidt, Hong Chen
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Mapping directly between clouds and irradiance  sesisey,suon i

Glenn, Sebastian Schmidt, Hong Chen
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Irradiance PDF fit parameters

* 3D radiative transfer calculations
» > 500 snapshots from 30 LES cases

» train random forest and artificial neural
network algorithms

Cloud sizes and
distances —

calculated offline
e.qg., Feingold et al., JGR Atmos., 2017




Cloud properties accurately predict 3D irradiance
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e Captures variations in shape and size of both modes
» Drastic improvement w.r.t. 1D calculations

* Potential applications and next steps:
» LES radiation parameterization

YV V V

NWP 3D bias correction
Accessing NWP sub-grid radiation variability
Other...



