Self-supervised learning using satellite imagery for
evaluating cloud structures in ICON-GLORI

V4
Py V¢

. A UNIVERSITAT
Deutscher Wetterdienst MIZY) zu KOLN

Daniele Corradini, Claudia Acquistapace, Paula Bigalke etter undKlima aus einer Hand

Institute of Geophysics and Meteorology, University of Cologne, Germany

1. MOTIVATION

5 I A T e E =
1 EUR/Km I L I
=R | Severe storms are R mean AR . : '
o Extreme weather events are a | i i mean bias= 1.11 Precipitation modelling :
i B 100 000-200 000 1 . - I - R%Z=0.13 ] ] |
= om0 . : expected to intensify as | 240 fmee-o,

i ——— serious pub"c safety hazard i P y i i : f 0.25 . = IS blased due to the i
: ! climate change progresses.| | gso °q i orography. !
1 I L E @ % o : ]
! ] ] ! o 1 B 11000 © ]
i F'S' 1: Total economic loss per sg. km : Fig. 2. Projecf:ed changes (%) | = 20 R Voo ' S Fig. »: Comparison of obServed :
I I = I

: & caused by weather-related extreme | 5 —year return value of 1-day ! i 10 ' | [ 500 anhd simulated annual rain rate |
| e S - @ * signif.bias '
i , .~ K eventsin Europe (1100-2020) i precipitation event during fall » B maxima at 1 h duration (Dallan !
JEIED 1 500 km N ——— . 0 + I I | L D I

: v — [Daniell et al. (2016)] ! season (Gobiet et al,, 2014). | | 0 10 20 3 40 50 et al,, 202%) :
: source: Enviromental European Agency : : : OB rain rate [mm h'1] :
D e e e o o e e e o o o o o e e o o o o o o o o o o o o o o o o o e o o o o o o e e e L e R |

2. GOAL 3. MACHINE LEARNING METHOD

Develop a self-supervised machine learning framework for evaluating ICON-GLORI Self-supervised learning is a form of unsupervised learning that does not require

model cloud representations, especially of severe thunderstorms, by leveraging the manually created labels but generates pseudolabels from the data themselves.

spatial features as seen from the geostationary satellites MSG. Spherical k-mean
WHY MSG? (Hornik et al. 2012)
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4. DATA PREPARATION 5. CLOUD CLUSTERING

We collected a dataset of MSG observations that spans from 2023 to 2013 (April to The feature space consists of multidimensional vectors of image semantic properties
from multi-year satellite crops. To inspect it, dimensionality must be reduced to 2D.

Clusters are characterized using physical quantities, like cloud properties from
(0.04°x0.04°). We use Infrared channel 10.8 pm (IR 10.8), a proxy for cloud top height. CMSAF.

September). The data were parallax corrected and interpolated into a regular grid
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Size: big crops: 128x128 pixels; subscrops: 96x96 pixels
96 pixels = 3.84° ~ 300-400 km (depending on coordinates)

It still needs to be tuned to optimally capture mesoscale

ma (None)

0.606
u
=
o

- 0.505
m
- 0404 w
¢ o
s 0 0.303
i ¥
- ALY
0.202
0.101
0.000

convective systems.
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The ML model processes images, and when converting brightness temperatures to RGB,
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color scale normalization must be optimized. For the first runs, we normalized the
colorscale between 200 K and 300 K.
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- | . filter out non-cloud signals. Fig. G: 2D feature space representation via t-SNE, based on ML model training with TR 10.9 crops (including
Fig. 5: Lett: TR 10.8 channel images highlighting different signals. cloud mask) across 9 classes. Physical characteristics are illustrated using CMSAF products for the green class
ﬂigkt: Same image with CMSAF cloud mask (red) Superimposed. (lett) and purple class (rigkt), with an example crop hear the centroid shown over the arrows.
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The ML framework will pinpoint the positions within the
observation-based feature space of relevant case studies,
which IR 10.8 will be modelled by ICON-GLORI. Model
effectiveness will be evaluated based on how closely the
Identified locations align with the actual cloud classes.
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