Low Cloud Detection for the GOES ABI using a Random Forest Classifier
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Introduction

Data / Preprocessing

» Passive remote sensing instruments like the Advanced Baseline Imager (ABI) on GOES-16/17, are  We want to improve the ABI Cloud Cover Layers product by filling in” the missing low clouds (see bottom left panel of this poster) using machine learning.
particularly effective at revealing attributes of the topmost layer of clouds (their height, particle size,

water content, etc.). However in multilayer situations, information on those lower layers is limited. * CloudSat radar and CALIPSO lidar will provide the “truth”; as active sensors, they detect most clouds in the atmosphere.
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« NOAA customers, however (particularly in the aviation community), may be particularly interested in
the presence of low clouds. This is especially relevant for general aviation in terms of applicability of
VFR vs. IFR conditions, the presence of aircraft icing, mountain obscuration, etc.

e Currently, surrounding pixels are not utilized (but we
expect improvements by doing so)
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clouds detected using a 10.3 minus 3.9 um threshold.

* Are there low clouds "hiding” under the cirrus at the red
‘X? Our meteorological experience says “yes”, but this
isn’t at all evident from a satellite algorithm alone.
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GOES-16: GeoColor image of cold air outbreak on 2020/02/03
(IR [white] + background city lights + low cloud [blue] 10.3-3.9 ym)

Y * A Random Forest (RF) classifier (Breiman 2001) is used for * After training, the daytime results are evaluated on an independent test data set, consisting of 2.1 million
this work. For each of the matched CloudSat/CALIPSO/ABI CloudSat/CALIPSO/ABI matchups (Oct 2017, Jan 2019) | | |
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low clouds from satellites, especially to augment existing satellite products. low cloud (< 642 hPa) present?” * Outputs: Is there cloud below 642 hPa? (0 or 1) the test data set after ~25 estimators
 Validation: CloudSat/ CALIPSO radar lidar “truth”

« Data used for training has been determined experimentally. -

Initially we included all ABI channels in the training, but a POD (Probability of detection) of low cloud Uppen, DARKER bars: Figure at left shows that the new algorithm (dark bars)
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Feature Importance (Daytime, Permutation based)
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