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Hey scientist, why
do you seem so

I’'m having trouble
understanding the
interactions between
aerosols, clouds, and

precipitation €.




Change in effective radiative forcing from 1750 to 2019 ERF (W m™2)

Carbon dioxide 2.16 [1.90 to 2.41]
Other well:-mixed 0.54 [0.43 to 0.65]
greenhouse gases

Ozone 0.47 [0.24 to 0.71]

Stratospheric 0.05[0.00 to 0.10]
water vapour

Albedo Land use

Light absorbing particles on -0.20 [-0.30 to -0.10]
snow and ice 0.08 [0.00 to 0.18]

Contrails & aviation- 0.06 [0.02 to 0.10]

Aerosols A cloud Aerosol-radiation g ot e
Total anthropogenic 2./211.96 to 3.48]

Solar -0.02 [-0.08 to 0.06]

-2 -1 0 1 2
Effective radiative forcing (W m~2)

Image obtained from Figure 7.6 of Intergovernmental Panel
on Climate Change (IPCC) 2021 AR6 Report of Working
Group 1.




Is there a way to
reduce these
uncertainties?

(7]
wl
c
()
S
-
Q
o
X
()




IS

Don’t you have
atmospheric
simulation that can
help with this?
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So, what is
the issue?
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I’m a machine
learning you know!
Maybe | can help
with my magic!

Btw, what is the
autoconversion?
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Ahahah, | am
more nowadays

| can tell you when lam

Ensemble models?
Bayesian NNs?

.

But, ML, you know, | am
not sure if you're
trustworthy enough.
Do you even know how to
say ‘I don’t know’ if | give

you an input of

instead of




Y o

Oh, come on, ensemble
models require additional
training, while Bayesian NNs
use sampling during inference.

soh e 8 Any other without
| have an =", o additional training or
Let’s try Evidential Sl inference? Oh, btw, | want
Regression !!! y o and
' uncertainties. BOTH!
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cloud effective
radius

autoconversion e e sl S K i ¢ 2
rates + evidential ~ TraindataonNN - -~ NNmodel
parameters (y,v, a, ) S B gy SE e ' .

~ Atmospheric
~~ Simulation.
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~autoconversion
- rates "
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' satellitebata: . parameters -




-' _‘ E.\’Iide'nt.icr-l Reg r‘e’ssi‘dn’“

~ Total loss = maximizing evidence. + regularizing evidence . -
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156 m regridded to 1 km
9:55am to 1:20pm local time

.- NWP Holuhraun - 2 Sept 2014 7

2.5 km horizontal resolution
11am local time

QQON) ; _ 
G \ TN | o

LEM Germany - 02 May 2013
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Match withMoDIs [  MODIS Cloud
Cloud Product Level 2 [ Product Level 2




X AAUt_OCOhVérSiOh on Simulation quel’(lCQN)' o |

Dataset

/ Testing Scenario RMSPE SSIM

Cloud-top ICON-LEM
Germany (1 km)

89.88% 10.86% 13.89% 89.96%




Autoconversmn on Slmulqtlon Model (ICON)

Visual Representat/on of Scenario 1 2, and 3.

Groundtruth (kg m=3s71) Prediction (kg m~3 s71) Difference

Groundtruth (kg m=3s71) Prediction (kg m~3 s71) Difference

Difference



| Aut.ocon'\,/‘e"rsion on Satelli'tfe‘Ob_s_e_rv‘at'ion (MODIS) -

MODIS Aqua over Germany,
' Sisp ok Ule:
: AoI [5 87 47 50 10. OO 54, 50]

=== Mean ICON
Mean MODIS
+ Std ICON
+ Std MODIS

=== Mean ICON
Mean MODIS
+ Std ICON
+ Std MODIS

logy, Autoconversion Rates (kg m=3 s71)

ICON-LEM MODIS y : ICON-LEM

Mean standard dewatlon med/an 25th and 75th percentlles of Cloud top ICON- -
LEM Germany and [\/IODIS autaconversmn rates (Aut)




| quluati'on‘_of UhCertqinty"iEStimq_tioh |

0.4 0.6
Total Uncertainty

— A=1e-6
---- |deal

N o0
01 02 03 04 O - 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
Total Uncertainty Fraction removed

s _Spréad;ski// 2100} SRR i '.Dis_'card. test ‘



1 Unc'ertq'ihty ‘Estifnqtion
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log1o Autoconversion Rates

. Simulation Model '(ICON-LE_

Groundtruth
—— Prediction (u)
@ Train Data
Aleatoric Uncertainty (u = o)
Aleatoric Uncertainty (1 = 20)

15 20 25 30 35 40
Cloud Effective Radius

—— Prediction (u)
® Train Data
Aleatoric Uncertainty (4 = 0)
Aleatoric Uncertainty (1 + 20)

15 20 25 30 35 40
Cloud Effective Radius

log10 Autoconversion Rates

log10 Autoconversion Rates

M Germany) = 02 May 2013

Groundtruth

—— Prediction (u)
® Train Data
Epistemic Uncertainty (1 £ o)
Epistemic Uncertainty (1 = 20)

15 20 25 30 35 40
Cloud Effective Radius

Satellite Data (MODIS Germany) - 02 May 2013

—— Prediction (1)
® Train Data

Epistemic Uncertainty (1 = 0)
Epistemic Uncertainty (1 = 20)

15 20 25 30 35 40
Cloud Effective Radius




Hey ML, thanks so much
for helping me uncover
the key process of
precipitation directly
from satellite data.
You're so cool!

You’re very welcome!
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Do you know why
you’'re even cooler?
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Because you are
able to estimate
and
uncertainties.

| can’t take all the

additional
credit though &). o

training/inference.
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Aha, now | know that
data uncertainty

modifying the model
Wow, you really know architecture

your stuff! I'm happy 1~

to be able to help you 1 A 7

learn more about the
world around us. ©

Enhance data quality or
incorporating an additional
crucial feature, e.q.

COT per layer
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