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NowCastMIX in a nutshell

* Nowcasting system at the

* Input: remote sensing and In-
situ measurements, NWP, etc.

* Output: warning polygons for
the next hour

» Warning attribution based on
fuzzy logic

* Full description: James et al.,
2018, Wea. Forecasting
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Schematic description of NowCastMIX: remote sensing data are used to
detect and forecast convective cells including severe weather warning
attributes using fuzzy logic
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Table of current warning categories
Issued by NowCastMIX

NowCastMIX in practice: forecasted warning polygons are
smoothed in space and time. Warning polygons are directly editable
by duty forecasters and can be projected to administrative borders.

Analysis step: fuzzy logic vs. machine learning
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==p Machine Learning experiments

Data: 2*10° instances of training set
(seasons 2019, 2020), 10° instances
of validation set (season 2021)

Tool: scikit-learn (CPU only)
Multi-class classification with ANN
(MLP), decision trees, random forest,
support vector machine, Gaussian
process

Verification: POD, FAR, SEDI,
distribution of warning categories
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« More data needed

Prediction step: linear advection vs. machine learning

Multi Layer Perceptron

features ot MLP (Fu“y connected) Lavers

each griol ce“,

U(X,t) — 50
Q(Xlt) —= 60

1 2 3
O @) 3.0
SO gy > 0/8 8 o .
41 =1 % x b
S(x‘j_!] t ) 2 O O!S/o(t » 5 2.0
sS(:t ) —= 30 . . S(xt™) 151

O ot each —=

° ° ° grid cell 1.0
° ° ) 051
o o O 003 20

(adv)num + QML
4.0

—— MLP approx.
3.51 --- NUM adv.
— True

80 100

Data "Treasure":

NowCastMIX analysis dataset

Schematic of the ML-model
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Graph Neural Network
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Measures to improve GNN for 2D

-Residual treatment: x'*! = x! + GNN(x*)
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. with x! being features at layer !

« *Loss function: loss = 0SS, +
2t o loSScorr + B loSSgrqq With the 2 last

terms penalizing correlation- and
< gradient-differences wrt. truth

- Gating: x'*! = x! + gate(x') GNN(x')
with gate(x) being a (MLP) learned
function to weight updates by the GNN
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