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Objectives

Fellowship at MeteoSwiss 2020-2023:
Seamless Artificially Intelligent Thunderstorm Nowcasts

- Objective: use Al to produce warnings for thunderstorm hazards

- End user oriented approach: create Al models that can directly
benefit forecasters, first responders, civil protection, aviation...

- Customizable models to suit needs of users

Lightning Wind
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Part 1
Thunderstorm Hazard Nowcasting
with Gradient Boosted Trees



Study area and data sources

US data:

« GOES ABI

« GOES GLM

« NEXRAD radar data

« ECMWEF forecasts

« ASTER digital elevation model

« Data for April-September 2020
« All collocated to a single grid

EUMETSAT Fellow Day, 04.09.2023



Tracking and feature extraction

- L (

Track storm centers

Compute storm
properties (lightning,
precipitation etc)
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Machine learning

Gradient boosted trees with LightGBM:
Growing a series of regularized decision tree
models to iteratively correct the error of
previous models
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Leaf-wise tree growth
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Feature importance
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Part 2
COALITION-4: Grid-Based
Nowcasting with Recurrent-

Convolutional Networks



+ Recurrent-convolutional network

Encoder-forecaster model:
» Encoder produces an analysis of

: Time Encoder ' Forecaster | Downsampling
Input data = 1 1 1 11 : 11 OI I 11 1 Upsampling
. . o3 Input ' utput
» Forecaster turns the analysis intoa o 1 S — ! I i — Recurrent
forecast 1 l l 1 ! T I I
: 128 x 128 x 32
Recurrent-convolutional = e A e L A ey e
architecture: : 64 x 64 x 64
» Convolutional layers model spatial 1 : : ! E I I I ]
structure . 32x 32 x 128
* Recurrent layers model temporal l 1 1 l : I I T !
- : 16 x 16 x 256
evolution !

General solution for modeling

temporal evolution of 2D fields
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©  Weather4Cast competition

* Organized by IARAI in
cooperation with EUMETSAT
Nowcasting SAF

» Goal: Predicting time
evolution of NWC SAF data
products

« Two series: “Core” and
“Transfer learning”

* 11 data regions in and around
Europe

* Placed 1stin both series of
the competition

Fig. 4. As Fig. 1, but for cma. The white lines show the contour at 0.5, which is the decision threshold for a binary cloud mask.



@  Adapting network to multi-source data

Adapted network to nowcasting Inputs of different resolutions in past
thunderstorm hazards probabilistically and/or future timeframes
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@  Adapting network to multi-source data

Adapted network to nowcasting Inputs of different resolutions in past
thunderstorm hazards probabilistically and/or future timeframes
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@  Study area

4000
3500

. . 3000
» Switzerland + surroundings

—

« Highly variable terrain 2500 g
« Some of the highest convective zoooa%
intensities in Europe are found @
in the region asaan
- 1000
500
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Lightning
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@  Skill vs. lead time

Comparison vs. Eulerian and
Lagrangian persistence:
Advantage over persistence,
grows with time

Critical Success Index

(a) —— Model
Lagrangian Pers.
0.6 —-~ Eulerian Pers. -
0.4 4
0.2 -
0.0 1 T I 1 T
0 10 20 30 40 50 60

Lead time [min]
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¢ Hall
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U  Heavy precipitation
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o

Trained the model with all
different combinations of
data sources

 Radar: dominant source

» Satellite: useful
everywhere, available
globally

* Lightning: good for
predicting lightning

« NWP: Would be better
at longer lead times?

« DEM: marginal benefits

DEM
Lig
NWP
Lig
NWP

DEM
NWP

DEM
Lig
NWP

Lig

DEM

Data source importance

(a) Lightning FL y =2 (b) Hail CE (c) Precipitation CE
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Data source importance

Shapley values quantify data source importance as a function of lead time

Normalized Shapley value

(a) Lightning

—— Rad:0.339  —— Sat; 0.232 —— DEM: 0.011
—— Lig: 0.267 NWP: 0.150
0.3 1 o
0.2 ) T ~
0.1 A
0.0
0 10 20 30 40 50

Lead time [min]

60

Normalized Shapley value

(b) Hail
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Part 3
LDCast: Latent Diffusion for
Generative Precipitation Nowcasting



U  Generative models for nowcasting

Predictive modeling for precipitation nowcasting: given past rainfall,
predict the average expected rainfall in the future

Generative modeling for precipitation nowcasting: given past rainfall,
predict the distribution of possible future rainfall, and create samples

from it

— Similar to ensemble forecasting
Diffusion models: new method to implement deep generative models
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LDCast Nowcasting Model

Condition diffusion model on past frames

Train to generate future frames

Network based on Adaptive Fourier Neural Operator for conditioning
Adapted Stable Diffusion U-Net for denoising

Variational autoencoder (VAE) to reduce dimensions
— Diffusion process in latent space reduces computational cost
— Latent diffusion model (LDM)
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LDCast Nowcasting Model
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Observation

©  Nowcast example

Realistic results that diverge gradually from the observed precipitation

+0 min +20 min +40 min +60 min +80 min +100 min mmh~!
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©  Making predictions for larger areas

. 2021-06-22 18:20 UTC (Real) i o

Works as a fully
convolutional network:

 Possible to train on one size
and apply to another




Beyond the fellowship
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@ My next project: NVIDIA Earth-2

< NVIDIA

E8rth-2 Data: DKRZ/MPI-M, ICON Model

N5
Images: NVIDI

EUMETSAT Fellow Day, 04.09.2023
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U  Project benefits: at MeteoSwiss

Real-time products at MeteoSwiss
*  Will keep running
« Extended for severe hail —

* New applications being
planned/developed for
forecasters, automated
warnings, aviation, fire
brigades

« Longer lead times needed

» Currently in development
status, eventually fully
operational

- Robustness & availability

- Transition to cloud
platform EUMETSAT Fellow Day, 04.09.2023 29
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U  Project benefits: outside MeteoSwiss

Use and adapt codes:

COALITION-4 and LDCast source codes
and pretrained models available:

https://github.com/MeteoSwiss/c4dl-multi
https://github.com/MeteoSwiss/ldcast

LDCast code includes interface to use it with
a few lines of code

Project ideas:

Adapting model to other
regions
Applications in areas
without radar coverage
(with MTG?)
New applications:

- Solar and wind energy

EUMETSAT Fellow Day, 04.09.2023 30
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https://github.com/MeteoSwiss/ldcast

¥  Summary

23.04.2023 15:55 UTC

Main results of the fellowship:

* Recurrent-convolutional network to
predict multiple thunderstorm hazards

- Model running real-time at
MeteoSwiss

» Diffusion generative model for realistic
precipitation nowcasts

» 3+1 published papers, 1 preprint
» Codes and data available for further use
and adaptation

EUMETSAT Fellow Day, 04.09.2023 31



¢  Calibration

How does the predicted
probability correspond to
actual occurrence of
lightning?

* It depends on the loss
function!

« Usually easy to recalibrate

Occurrence rate

—— FLy=2 —— CE WFLy=1 csl
FLy=1 --- WFLy=2 --- WCE === MSE

Predicted probability

EUMETSAT Fellow Day, 04.09.2023 32



+ Maximum hail size
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@ CRPS
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@ Rank histograms
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©  What are diffusion models?

1. Forward process (in theory): Image degraded gradually by noise
until indistinguishable from random noise

2. Train a neural network as an inverse model to denoise the image
step by step

3. Apply this network to a completely noisy image step by step
— Will converge to a random sample from the training distribution

Latent diffusion models use an autoencoder to transform data to a
latent space before running diffusion

increasing a

37
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LDCast

DGMR

o

Sample diversity

LDCast generates more diversity then DeepMind GAN nowcasting model (DGMR):
More variable samples at +90 min

mmh~!
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¢ LDCast status & future

* Preprint: Future applications:
https://arxiv.org/abs/2304.12891 « New source variables:
 Code, with link to data: - NWP for seamless

https://github.com/MeteoSwiss/Idcast/

» Easily applicable pre-trained
model available at

nowcast/postprocessing?
* New targets: winds etc.

Github/Zenodo -
- Can run ensemble predictions Training:
on multi-GPU nodes « Training datasets in similar

format to COALITION-4,
currently uses only radar

* Training time on CSCS Tsa with
8xGPU around 50-60 hours total

39
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