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SPAIN HAS JUST ‘FIVE DAYS L e
owardas probpapuistic risK assessmen
To RESBUE wnBBI'I NG 4. By 31 December 2027, all TSOs shall jointly develop the methodology on common probabilistic risk
PﬂWER GRID — OR FACE RISK assessment taking full account of the requirements of Article 75(1)(b) and Article 75(5) of the SO
UF FR Es H N A'I'I 0 NWI DE Regulation, and shall propose it as an amendment of this methodology in accordance with Article 7(4) of

the SO Regulation. After its approval in accordance with Article 7 of the SO Regulation, the methodology

B I.Ac Ko UT, REG u I_AT“ R on common probabilistic risk assessment shall form an annex to this methodology.
WARNS Accurate Weather

‘Self-consumption’ in Spain refers to electricity that people or companies generate for

their own use - for example, solar panels on a house, a block of flats, or a factory Fo reca sti n g ’S I m pa ct

roof.

Instead of drawing power from the grid, they produce part (or all) of what they need o n R e n ewa b I e E n e rgy

themselves.
In the rapidly evolving renewable energy industry, accurate weather data and forecasting have
When there's lots of sunshine, thousands of these small rooftop systems cut demand

become crucial for optimizing operations, mitigating risks, and ensuring efficient energy
on the main grid all at once.

production. As the effects of our changing atmosphere intensify, severes weather events are on the

rise, making it imperative for leaders in the industry to stay ahead of the curve. Below we will
Then, if clouds roll in or consumption patterns change, the grid sees sudden jumps up

. discuss the increase of severe weather events, their impacts on the renewable energy industry,
or down, creating unstable voltage.

and how advancements in weather technology and forecasting can offer competitive advantages

for companies.

The Im portance of Weather Early Warning: Role of weather data in secure and reliable grid operation
Forecasting for Energy Markets

Weather-related information is essential for day-to-day energy management as well as
planning and maintenance of generation, transmission and distribution assets. Extreme events
such as cyclones, floods and thunderstorms often have severe consequences for the electrical

Weather is the state of the atmosphere with regards to wind, temperature, cloudiness,
moisture, and pressure. Weather forecasting is the application of science to model, and
thus predict, future conditions within the atmospheric system. From shorter term impacts grid, such as supply disruptions for long durations and huge expenditure on restoration
activities. To mitigate the impact of risks associated with weather and climate conditions,
reliable weather forecasts are needed, which can reduce the uncertainty in supply and
demand forecasts to a large extent. Accurate forecasting has become even more important
with the increasing penetration of renewable energy sources into the grid. These are
intrinsically intermittent in nature and highly dependent on weather conditions.

of sudden temperature changes to mild winters leaving gas storage near full, weather is a
consistent driver along the full spectrum of energy markets and contracts.




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

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




. Solar power forecasting

. Wind power forecasting

. Hydropower forecasting

. Electricity prices forecasting

. Extreme weather forecasting

. Electricity losses forecasting

. Load forecasting

. 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)

What power system needs?

cONNO LT B WN -

Clouds

Precipitation

type, cover, depth type, amount

Groundwater Snow

Insolation recharge, - cover, pack,
evaporation, runoff melt, evaporation

Solar Hydro Thermal Transmission Wind . | . .
Generation Generation Generation & Distribution Generation 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 Al fitin?

* 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
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Rise of Al-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
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AlFS

Artificial Intelligence Forecasting System - ECMWF

Python (PyTorch) ,ECMWF’s goal is to develop an Al
: probabilistic forecasting system”
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 da?/] forecast takes approximately 2 minutes 30 seconds on a single A100
GPU, mcIudmg the input and output of forecast data.

* 4x/day (open-data) https://data.ecmwf.int/

IFS-ENS AIFS-Prob



https://data.ecmwf.int/

AlFS

a) Direct prediction

Channels =
Variables x /
Levels

Longitude

b) Iterative prediction

t=0
— e ——

Rl
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Encoder

Processor




AlFS
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Blurring effect
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Log-likelihood function
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GraphCast

* 0.25° x 0.25° spatial resolution
* 360x4x180x4 =1440x720=1
036 800

* 6 atmospheric variables on 37
vertical levels + 5 surface variables

e 37x6+5=227 variables — 999 1

* 10 days ahead horizon at 6h time
resolution

e 10 x4 =40 frames

35 GB of data/run

e GNN-based

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

e 10-days ahead forecast

e 0.25° 6h time resolution, 37
vertical levels

* Code & weights = GitHub

Loss weights per level (atmospheric)
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All events, t2m

GraphCast -
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GraphCast forecasting extremes
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GraphCast — training set size effect

| GraphCast <2018 | 1979-2015 2016 2017

IGraphCast <2o19| 1979-2015 2016 2017 2018 j
| GraphCast <2020 | 1979-2015 2016 2017 2018 2019

| GraphCast <2021 | 1979-2015 2016 2017 2018 2019
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In common

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

e 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
e OQut-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

‘.- ------------------------------------------------------------------------------------------------------------------------------------------------------------------

Diverse available
observations
initial condition ificial- i

_.[ Reanalysis dataJ et —L attica i:;t::l;‘%%r;ce-based }—o[ Forecast results ]

Numerical weather ]
forecast products J

l Al for weather forecasting

Al for bias correction

Numerical weather ] forecast results _[ Artificial-intelligence-based
forecast products J ’l methods




Meteoroloska varijabla
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Implications for power system

* More accurate power system planning

* Increased frequency of producers/consumers plan changes

e 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



Reaching JUPITER: ECMWE celebrates the first
F un fa ct.. European exascale supercomputer

9 September 2025
Rmax Rpeak Power
Rank System Cores [PFlop/s) (PFlop/s) (kW)
1 EL Capitan - HPE Cray EX255a, AMD 4th Gen EPYC 24C 11,039,616 1,742.00 274638 29581
1.8GHz, AMD Instinct MI300A, Slingshot-11, TOSS, HPE
DOE/NNSA/LLNL
United States
2 Frontier - HPE Cray EX235a, AMD Optimized 3rd 9,066,176 1,353.00 2,055.72 24,4607

Generation EPYC 64C 2GHz, AMD Instinct MI250X,
Slingshot-11, HPE Cray 05, HPE
DOE/SC/0ak Ridge National Laboratory

JUPITER United States

THE FIRST EXASCALE SYSTEM IN EUROPE

3 Aurora - HPE Cray EX - Intel Exascale Compute Blade, 9,264,128 1,012.00 1,980.01 38,498
Xeon CPU Max 9470 52C 2 4GHz, Intel Data Center GPU
Max, Slingshot-11, Intel
DOE/SC/Argonne National Laboratory
United States

4 JUPITER Booster - BullSequana XH3000, GH Superchip 4,801,344 793.40 93000 13,088
72C 3GHz, NVIDIA GH200 Superchip, Quad-Rail NVIDIA
InfiniBand NDR200, RedHat Enterprise Linux, EVIDEN
EuroHPC/FZJ

Germany

* Global Kilometer-scale Probabilistic Data-driven Modelling



THE END

Thank You for Your Attention!

?

filip.grebenar@hops.hr / fer.hr
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