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A revolution is a fundamental and lasting structural change in one or more systems, usually occurring
abruptly or within a relatively short period.
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How does a classical weather model work?

... complicated ... but worth it!

Observations

9 x 9 km/ 11 x 11 km grid resolution ECMWF global model

Weather forecast modeling

Timestep 5=10 minutes
Giid spacing 10-20 km

data assimilation

“Primitive” Weather Forecasting Equations
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Variables at ariables in the

the surface: atmospheric column:
Temperature Wind vectors
Hurridity Hurmidity
Pressune Chlouds
Moisture fluxes Temperature
Heat fluxes Height
Radiation fluxes Precipitation

MErosok

Wertical exchange

Haorizontal exchange
between columns
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Innovationens

Resolutio

» Statistical post-processing
(regression & neural
networks)

¢ 3D-Var Data Assimilation

e Perturbation of initial
conditions

Spatial: 150-200 km

Temporal: 6-12 hours
Vertical: 10-20 levels
Ensemble: introduced

late 1990s - 2000s 2010s 2020er

Adapted after A. Ahmadalipour, https://geoaiunpacked.substack.com/p/geoai-unpacked-2-ai-for-weather-
forecasting

2022 - today

The rise of Al

Several companies (NVIDIA,
HUAWEI, GOOGLE) are
discovering meteorological data
and starting to develop data-
driven prediction models.

ECMWEF follows suit, along with
others.

Spatial: ca. 25 km (global), 1-3
km( regional), not all
parameters

Temporal: 1-6 hours

Vertical: reduced

Ensemble: next step
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Differences in classical and ML models in forecasting I & SecSehere

Traditionally weather forecasts are generated by running NWP model — computer code that has been designed

to represent the physical processes governing the evolution of the atmosphere. But can you produce a forecast
without a NWP model?

Analysis

NWP Model

Fusion of short-range forecast
with latest observations

Data Driven Model

Learned from 40
years of analyses

S ECMWF

EUROPEAN CENTRE FOR MEDIUM-RANGE WEATHER FORECASTS



Differences in classical and ML models in forecasting I & SecSehere

Advantage: operational computational

ECMWF HRES: Al model:
ERAS: 180 000 0.3
15 billion (one off) per forecast per forecast

Hersbach, H et al. (2020)

Question: are they better? (Mariana will show
more)

Answer: depends on what your scrope is
(globall/large scale, local/regional,

,hormal“/extremes representation...)

—— New AIFS version
Previous AIFS version
Pangu-Weather
GraphCast
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But... that was global, what about regional, comparable to J)Z)g BeaerErS
LAMS’) (= Austria

Problem:
Global models (physical and esp. ML) are coarse, we need higher spatial

TQV (kg/m?), t=2020100216
Ground Truth

00 45 9.0 135 18.0 22.5 27.0
10m wind speed (m/s)
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Support: how can we use ML (and the new models) for ‘98& GeoSphere

applications? = Austria

Detection of extreme events for weather extremes and application extremes (e.g. ,,Dunkelflaute®)

Wind Ramping and Vulnerable Wind Farms (6-hour window from now) at 2022-02-18T12:00:00.000000000
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... allowing us to issue severity predictions of events and supporting mitigation measures early
onwards
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Renewable energy — how can we support the transition with *98 )¢ GeoSphere
targeted ML-models? (= Austria

Data-driven nowcasting and intra-day forecasts for wind, PV, and hydropower — meteorological support
(traders, TSO, etc.)

Thunderstorm in Denmark nowcasting of global irradiation for a
DSSF(obs.)-08:00 rQQIon In Austrla

IrradPhyDNet

IrradPhyDNet Forecast (1h-lead)
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—— Harmonie(750m) IrradPhyDNet(1h-lead)

=== Harmonie(2.5km) IrradPhyDNet(2h-lead)
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Renewable energy — how can we support the transition with 0)2& GeoSphere
targeted ML-models? (= Austria

Data-driven nowcasting and intra-day forecasts for wind, PV, and hydropower — meteorological support
(traders, TSO, etc.)

Eacoding Networ i + loss functions fit for + per gridpoint- wise
. ‘ . imbalanced transformations and
regressions normalisations
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Hydropower predictions

Historical runoff and power production
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PV, global irradiation, and (semi-)synthetic data

synthetic data generation | feature selection+clearance| interpolation+climatology+persistance site

tailored model+optimization | computational performance+GPU | Al+deep learning forecasts

synthetic data generator : transformation (X,Y): post-processing by Al/LSTM :
a set of random forest models use set of predictions P AT/ANNS, e.g.- sequence-to-sequence
»> consitent resolution LSTM (long short-term memory) serve as a

time-series of related data sources (X)

to predict data of a reduced source (Y) ERETIEIE T

> normalized

method learning diverse background
forecast models P to give a PV forecast Z

Zipast-processed forecast

seniv- syt heti c data
> DATA GENERATION: prediction? | o o' 178 festre | =

+ Puilnterpolated MWF + Pyipersistence

Foundation
time series

model

NWP/ML weather
prediction model
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Use case Austria using IrradPhyDNet as extra

feature
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Windspeed predictions/post-processing and aggregated per country

ECMWTF - BIAS
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and for every turbine in a wind farm/region

Wind Speed and Power Output Comparison
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Time Series Plot of Real Power Forecast - Austria
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clustering of similar turbines
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scenarios

ECMWF 525 field cut to Austria. Including wind farms.

INCA analysis. including wind farms

INCA analysis, including wind farms.
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Experimental: Pangu-Weather ML model: Mean sea level
pressure and 850 hPa wind speed

Base ime:  Tue 15 Oct 2024

Experimental: GraphCast ML model: Mean sea level
pressure and 850 hPa wind speed
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Experimental: FourCastNet ML model: Mean sea level
pressure and 850 hPa wind speed

Experimental: FuXi ML model: Mean sea level pressure and
850 hPa wind speed

Base ime: 3 Europe Base tme:
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Experimental: AIFS (ECMWF) ML model: Mean sea level
pressure and 850 hPa wind speed
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Atmol4REN-4Cast
MEDEA

Al4Wind and Wind4Future
Destination Earth Extremes
EnergyProtect
PV4Community
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Al4Grids
ReduceData
EnergAlze
Al-Prometheus
HectoRenew
MTGreen




