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Accurate cloud detection and atmospheric correction ML emulators with very low computational overhead, demonstrated on dedicated onboard hardware
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ANALYSIS

For ~ Sentinel2, the atmospheric S \ ] |z . . el
correction process carried out by . 2 s é
Sen2Cor is  too  computationally . § = o >2 > § %" > % > D RMSE distribution in reflectance units across the different patches in the CloudSEN12 test set for each of the
demanding for onboard hardware. = 2 - o D é = bands in the level 2A output. Left results of architecture search. Right results of selected models vs baselines.
o)) =
O
w

1x512 x 512 AERONET Validation

CLOUD SHADOW MASK

\
/

Deep learning models have Dbeen
successful emulating many physics
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Table. Inference time and memory footprint of the model processing a full Sentinel-2 scene (10,980x10,980)

Conclusions

- 19 locations corresponding to aerosol robotic network (AERONET) stations _ DTACSNet is 7 times faster than Sen2Cor in CPU.
- DTACSnet has an average error of 1.4% which is on the same magnitude as Sen2Cor validation
(1.8% Doxani et al 2018)

m Cloud shadow - DTACSNet doesn't require ancillary data

- Time series of Sentinel-2 images (year 2019)
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- Same |locations as Doxani et al 2018.
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