Characterizing cloud spatial structures and their
transitions to extreme precipitation over the Alps
through self-supervised learning
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1. MOTIVATION

Can we detect convective

Intense precipitation in the Alpine Models still fail to correctly capture

precipitation over orography

regime regime

region, particularly during Summer patterns associated with

extreme precipitation?

O
Can we identify their transition

s

Fig. 2: Severe hailstorm on 19 July
2023 in Northern Italy: OPERA radar
reflectivity vs. ICON-D2 forecast.
[Fischer et al., 2024]

Fig. 1: Seasonal (JJA) precipitation
climatology (2011-2020) from IMERG
10-year average data [Lombardo &
Bitting, 2024].
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3. DATA

Why Meteosat Second
Generation (MSG)?

Good spatio-temporal
resolution over the Alps
Long dataset

Training set ~140k samples

Data Processing:
e Parallax correction
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E e Interpolation into a regular grid (0.04°x0.04°)
i e Application of a (corrected) cloud mask
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goal: finding main features
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. - ResNet 50

i (He et al. 2015)
Fig. 3: IR 10.8 channel
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goal: reducing number of
features

Multilayer- perceptron

backpropagation and update of the
weights

(Hornik et al. 2012) |

CLASSES

pseudo-label q,
centroid C

goal: identify class
(label and centroid)

Feature
vector

Minimization of
the cross entropy
function
p = f(C,2)

 —

Z

goal: optimization of weights
and calculation of

image with CLAAS3 cloud
mask (red) superimposed.
Crops are 100x100 pixels.

Overcast

Anvil
OA

N classes: 7
N epochs: 800
Feature dim: 128

parameter update

Fig. 4: Architecture of self-supervised learning (SSL) model
adopted in Chatterjee et al.,

(2023).
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2D visualization of the feature space,

a high-dimensional representation of
satellite image semantic properties.

,'22,'23,'23 (Apr-Sept)
e Rain + Hail Events

dddddd

: . -
S @ - ]
() . 3 B
§ o European Severe * Temporal .. ) 'I_'raJ_ectory
i 5 Weather Database Alignment e linking
TOJ C) o . ‘ﬁ'& AL h:“""".’:l',;_*!?--"ff. 46.5°N .
'.E * Test dataset: . Spatial * Extrapolation
< '14,'15,'16,'18,'19,'20 _ | N _ C
TgJ > CIUSterlng 43.5°N 4 b Merglng :
c
o
O

Il September 12°E 13.5°E 15°E
6°E 1.5°E

closest 4

B)

Density contours

|
R.3 '
each traJectory S crop is processed smgularly weights of the backbone are kept projection into T —— 50th percentile :
5 a) Samples per Class b) Hourly Occurrence Count - T fixed after training the feature space : ., ':_.-\ % = = 90th percentile :
i 22 mghttime e . For 508 class occurrence |
< 504 7 2 NV Feature vector + A f 15 !
4 E e " 7> Class assignment AT ATAN S 10 :
£ 101V 32 . e i o I
i S ) 3 By Y s s 5 7 |
. ® ]| I ResNet 50 Multilayer- perceptron ot S o _ :

o G 01 2 3 45 6 7 8 9 101112 13 14 15 16 17 18 19 20 21 22 23
© (’)\“O’ 0, 9o 0?‘ Hour (UTC) A (Jcpcﬁ(é\(:s\(jv@bo :
' I

100 c) CC Distribution d) Low-Level Clouds

T T cs
80 ] SC
< 60- H
40 1
20-é
0-— e e

5LV L R
(16?‘\§C1®(}<</00

e) Mid-Level Clouds f) Convective Clouds

co
co

1
co

L w

Cloud scenes associated with extreme precipitation cluster in a specific region
of the feature space, predominantly within EC, DC, and OA classes, with EC
capturing early convective precursors. It is not clear if OA represents a later
stage of convection or a different type (embedded convection).
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Fig. 5: (A) Class names and acronyms, with examples of image crops
closest to the centroid of each classes. (B) Physical characterization:
a) classes numerosity divided per daytime and nighttime samples. b)
Hourly occurrence counts of the classes. c) boxplots of the cloud-
cover (CC) distribution. d)-e)-f) scatterplot of cloud-top height (CTH)
versus cloud optical thickness (COT) using the 1000 nearest samples
to each class centroid (mean shown as cross). All variables are
derived from the CLAAS-3 dataset of the CMSAF.
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R T S Fig. 6: A) Storm trajectories are built by merging ESWD extreme precipitation reports with
MSG data, grouping events in space and time, connecting cluster centers, and extending
trajectories forward and backward to better capture convective evolution. B) Trajectories

are analyzed with the SSL model: each crop yields a feature vector, classified by distance to

cluster centroids. C) Physical characterization of convective classes: hourly occurrence (c),
cloud cover distribution (d), and scatterplots of area with CTH >10 km (CTH10+) versus

area with COT >30 (COT30+) (e—q).
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7. PATHWAYS ANALYSIS 8. CONCLUSION

Each trajectory can be described by a transition A) DC Persistence B) EC — DC E ‘= SUMMURY
pattern among the 3 convective classes, which we call (244 cases) (253 cases) . _ « Identified 3 convective classes
pathway. (EC, DC, OA) with SSL @
c) Time-aligned cloud properties and rain rate 4 4 . A
. . . . . . . 0.8 - : -50ﬁ . ,\
Considering all simple combinations of single, paired, g s o EC: convection precursors;
. .y 6064 E 5 30 £
and triplet transitions, only 16 are observed. g » DC/OA: standalone or embedded
- T B g el s '
Those associated with the most extreme events are =" — woreeeeesy o [T .
DC perSiStenCE and EC_)DC pathwaYI d) Time-aligned event counts d) Time-aligned event counts o Extreme events Iinked to deep Iong
20 i —_ Rain events = 4 | : Eaaii?:::;tss 1 4 =
Fig. 7: Characterization of the most common pathways. All g1 f\ . 82__10 | lasting convection or early-stage clouds
panels are aligned along the trajectory midpoints. The first B oo e e -
panel shows the temporal evolution of cloud properties (CC, 107, ELCoR Scculieics By S Ein 10 *) £rob occunsace by tme bin evolving into deep systems.
CTH > 10km, COT > 30) along with maximum rain rate. The 3.1 _ . _ R

second panel reports the mean number of observed events, and
the third shows the trajectory crop occurrence per 1-hour bin.

The last two panels provide example trajectories' crops for the
most extreme rainfall and hail events for each pathway. Rain
rates are from IMERG final, and maximum hail diameter from

ESWD reports. A) DC persistence pathway, B) EC—DC transition : H % é '

pathway.
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FUTURE WORK

2023-07-25 | Max rain rate: 63.72
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2023-07- 24 | Max hail diameter: 19.00

2014-09-22 | Max rain rate: 48.84

e Improve SSL (ViT) and fine-tune for convection.
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e Use higher-res MTG data with extra channels.

Hail

e Evaluate convection-permitting models (ICON).
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