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What meteorology has to offer?

In-situ weather measurements (e.g., anemometer, pyranometer, Doppler wind lidar)

Satellite observations (e.g., visible & infrared imagery, microwave sounders)

Radar data (e.g., precipitation intensity, reflectivity)

Lightning detection system (e.g., LINET sensors)

Weather forecasts (e.g., ECMWF, ICON, GFS)

Reanalysis data (e.g., ERA5, MERRA-2)

Climate projections (e.g., CMIP6, CORDEX)



What power system needs?

1. Solar power forecasting
2. Wind power forecasting
3. Hydropower forecasting
4. Electricity prices forecasting
5. Extreme weather forecasting
6. Electricity losses forecasting
7. Load forecasting
8. Grid system imbalance
forecasting
9. Dynamic thermal rating 
10. Asset management (e.g., real-
time weather monitoring, 
vegetation management) 
11. Power system resilience (e.g., 
wildfires-, storm-driven risk models) 
12. Weather-based outage risk
models (e.g., N-k calculation) 
13. Estimation of distributed solar 
and wind generation without on-site 
measurements
14. Climate model projections for 
power system planning and
resource adequacy



Where does AI fit in?

• NWP input data assimilation

• Data preprocessing

• NWP model parameters optimizations

• Nowcasting

• Extreme weather / hazard forecasting

• Short to medium-range weather forecasting

• Climate modelling & long-term projections

• Weather forecasts postprocessing

• Probabilistic weather forecasting



NWP



Rise of AI-driven weather forecasts

Introduced Name

Pathak et al. 2022 FourCastNet

Keisler 2022 -

Lam et al. 2023 GraphCast

Chen et al. 2023 Fuxi

Bi et al. 2023 Pangu-Weather

Molinaro et al. 2023 EPT-1

Nguyen et al. 2024 Stormer

Ben Bouallégue 2024 -

Lang et al. 2024 AIFS



AIFS

• Artificial Intelligence Forecasting System - ECMWF

• Python (PyTorch)

• October 2023

• Encoder-processor-decoder design

• 1°→ 0.25° (Feb 2024)

• Autoregressive rollout during training

• 6-hour time steps, up to 360 h horizon

• MSE – loss function (area-weighted)

• All prognostic variables have roughly equal contributions to the loss

• Training duration: 1 week

• Running a 10 day forecast takes approximately 2 minutes 30 seconds on a single A100 
GPU, including the input and output of forecast data.

• 4x/day (open-data)

„ECMWF’s goal is to develop an AI 
probabilistic forecasting system”

https://data.ecmwf.int/

IFS-ENS AIFS-Prob

https://data.ecmwf.int/


AIFS



AIFS



Blurring effect

Paris London

Double
penalty







Log-likelihood function



GraphCast

• 0.25° x 0.25° spatial resolution
• 360 x 4 x 180 x 4  = 1440 x 720 = 1 

036 800

• 6 atmospheric variables on 37 
vertical levels + 5 surface variables
• 37 x 6 + 5 = 227 variables

• 10 days ahead horizon at 6h time 
resolution
• 10 x 4 = 40 frames

35 GB of data/run

• GNN-based

• <1min calculation time (on a single 
TPU v4 chip)

• 10-days ahead forecast

• 0.25°, 6h time resolution, 37 
vertical levels

• Code & weights→ GitHub

90 % ↑



GraphCast



GraphCast – forecasting extremes



GraphCast – training set size effect



In common

• Training data: ERA5; > 1979 ~40 years (5-day delay: data latency, 
quality check, assimilation, post-processing) Copernicus

• Real-time forecasts: ECMWF 4D-Var

• Blurring of the forecast fields at longer lead times (MSE training
objective) → „double penalty” – solutions are on the way
• Optimization window size matters

• Problems with preserving physical coherence

• Out-of-distribution data (climate changes)



Outlook

• Increase spatial resolution (0.25° currently)

• Increase temporal resolution (6h currently)

• Assimilating the observations directly (currently all rely on re-analysis)

• Probabilistic forecasts

• Better prediction of extreme weather events

• Increase training set size

• Physics-informed GNNs



Weather forecasting bias correction



Weather forecasting
bias correction



tsbenkovac tslickiosik

Weather forecasting
bias correction



Implications for power system

• More accurate power system planning

• Increased frequency of producers/consumers plan changes

• Gate-closure lead time reduction (IDM)

• Open-source weather forecasting (accessibility, democratization)

• Better extreme weather forecasting (extending forecasting horizon)

• Early-warning systems (very short calculation time fosters that)

• Deterministic→ probabilistic approach to forecasting



Fun fact…

• Global Kilometer-scale Probabilistic Data-driven Modelling



THE END

Thank You for Your Attention!

?

filip.grebenar@hops.hr / fer.hr
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