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Figure 1: General framework. 1 ICOsahedral Non-hydrostatic Large-Eddy Model; 2 Moderate Resolution Imaging Spectroradiometer.

The machine learning models produced good outcomes, with Log structural similarity index (SSIM) of the best model
exceeding 90%.
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Autoconversion on Figure 2: Regression plot of the DNN prediction and groundtruth. on 2 May 2013 at 1:20 pm.
. . Table 2: Statistical properties of the autoconversion rates of satellite simulator (COSP) and satellite . .
Satellite Observation orediction (MODIS) over Germany on 2 May 2013 at 1:20 pm. The autoconversion rates of satellite data (MODIS)
(MODIS) standard o5th sth predictions demonstrate statistical agreement with
This set of experiments seeks to Mean Deviation Percentile  Median o htile the autoconversion rates of satellite-like data-

establish whether one can predict
autoconversion rates from real Aut ICON (kg m-3s-1) 1.25e-08 .75e- : - 2.12e-10 1.73e-09
satellite data

' l Aut MODIS (kgm-3s-1) 1.31e-08 4.19e-08 6.28e-11 2.20e-10 1.70e-09
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0 Machine learning could help unravel the key process of precipitation --

(cloud-top ICON).

10: Ohh, | forgot to explain. It’s the term used to autoconversion rates -- directly from satellite data (this has not been

describe the rate of collision and coalescence of cloud X -
droplets responsible for raindrop formation. Y "' attempted by other studies)

8: Sadly, this model is bloody expensive [ 2] thus impractical for global ‘ b
coverage and a longer period of time. If only | could leverage a plethora of !}_
satellite observations which provide long-term global spatial coverage.

6: Yes, we have high-resolution model simulations such as ICON-LEM. “?’rx |
4: One way of reducing those uncertainties is by unravelling one of the key y -
processes of precipitation formation for liquid clouds, namely the _ 9: Ahha, that’s easy!

autoconversion rate, which in turn is key to better understanding cloud

responses to anthropogenic aerosols 477 Have you forgotten thot | am a machine learning?
} . X

i/ ’'ll show you some magic!
. _ Btw, what is the autoconversion rate?

2: Hey!l keep thinking about the largest source of uncertainty in
future climate projections [1]. Pollution particles (aerosols)
have most likely offset some of the greenhouse warming to

R\ date, particularly through their interaction with clouds.

O However, despite decades of intensive
research, significant uncertainties in the
mqgnltude of this cooling still persist.

7: Then, problem solved right?

5: 1thought you have some kind of atmosphere
simulation model to solve this problem, no?
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3: Is there any way to reduce those uncertainties? .
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R i ., 1: Hey scientist, why do you lookso &
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e o . 2 gloomy today?

AEICICRCES Craving for more?
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