Understanding and predicting the distribution of surface solar irradiance
beneath shallow cumulus clouds
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Motivation & Aim Machine Learning Setup to Represent 3D Cloud Radiative Effect Aerosol Influence on Surface Solar Irradiance
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Fig. 3. Machine learning architectures employed.
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Aerosol can additionally perturb the distribution of surface solar irradiance and is under investigation.

Flux at 500 nm [W m~2 nm™1]

Significance of 3D Cloud Radiative Effect Results have immediate use for surface energy assessments, with several other promising applications.

* Aerosol brightens cloud shadows and darkens gaps between

* The observed shape of the SSI probability density them, bringing both SSI PDF modes closer together (Fig. 6).
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