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Hur gors en vaderprognos?
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Vadret ar kaotiskt - behov av sannolikhetsprognoser
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ML-utvecklingen inom NWP - en revolution
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Forbattringen med ML motsvarar 10 ars utveckling
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Progression

Globala modeller

Regionala modeller

Deterministisk (ateranalys)
Sannolikhetsbaserad (ateranalys)
Neural ODEs
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Tva olika ansatser for regionala modeller

Graph-based Newral Weather Prediction for Limited

Area Modeling
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+ Samma “fysik” utanfor som innanfor

Behdver bara trana en regional modell
Maste trana global & regional modell

Kan ha olika modeller pa randen
Olika “fysik” utanfor an innanfor



ML-arkitekturer for vaderprognosmodeller
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Nasta steg - foundation models
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Foundation models - Self supervised learning
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WeatherGenerator applications

Weather and climate prediction Climate lorecasting  Archic saa-ice forecasting

Downscaled analyses for Swizerdand [JEEZER AP Renewable energy
40 year anatyses for the Nordics [[ECEEND , IEEEN Solar and wind production forecasting
Extreme precipitation nowcasts for Afica [[ETREI M T Powar consumption forecasting
Clouds and preciptation farecasting for the Nordics. [[ITEIR i T [ Y — BLEER River inflow forecasting for ydropower
Alpine lorecasts for Swizerand [[ETEND & S IET Multi-year weather scenarios for energy market modelling
-day forecasts for the Nordics [N
Extrarme weather larecasting for France [0
Extrema weather fonecasting for Westem Europe m
Seasonal forecasts for Western Europe [T
Global seasonal forecastng [JENENR
Global exdended-range forecasting m
Global medium-rangs lorecastng m

Water

IEGEED Flood peedicion

Food security, health, biosphere

L] Vegetation modeling for food security
Temperature forecasting for health

m Buosphere fluxes
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ML-baserade vaderprognoser: for- och nackdelar

Snabba att kdra (x10,000)

Stora ensemble-prognoser

Kortare tidsglapp - aktuellare prognos
Battre an NWP for manga parametrar
103 rader kod istallet for 10°

Langa prognoser blir utsmetade (det)
Viktiga parametrar saknas - t ex moln
Kraver NWP-analyser for tradning
Langre tidssteg an for NWP

Losningar pa gang...



Nytta iInom energisektorn?

Battre och snabbare sannolikhetsprognoser
for “cost-loss” kalkyler som beslutsstod vid:

Single Forecast

Produktion, konsumtion och lagring
Balansering och dverféringskapacitet
Riskhantering (extremer) och underhall
Handel pa elmarknaden DF

“Foundation models” for atmosfaren kan vara
grund for vaderberoende energi-modeller.
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