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Impact sectors

Interactivity

Continuous (e.g yearly for climate) production / operationalization

Flexible on-demand production
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COST OF SIMULATION DestinE 4.4 km: ECMWEF Operational: Al Model:
1 600 000 180 000 0.3
ERAS: per forecast per forecast per forecast

15 billion (one off)

Hersbach, H et al. (2020)

For ensemble forecasts, multiply this cost by number
of ensemble members
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UNCERTAINTY QUANTIFICATION FROM A DETERMINISTIC FORECAST

Use a Bayesian Neural Network to predict the distribution of the km-scale DestinE forecast error

Post-processed probabilistic forecast = Deterministic km-scale forecast + Probabilistic Forecast Error
J\ f J\

2m temperature Geopotential at 500hPa
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lead times but clear degradation
from day 5 in extra-tropics.
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At all lead times, post-processed
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CRPSS relative to operational ensemble



e ]

'ﬁF WORKSHOP .2024 = Machine Leaming for Earth System Observation and Prediction -= Ec MWF @ esa

] o
F 4

UNCERTAINTY QUANTIFICATION AGAINST OBSERVATIONS
Use Ensemble Model Output Statistics (EMOS) Method to predict the distribution of the km-scale DestinE forecast

CRPS - 2t, model run :2022-02-01--2022-02-28, lead-time: all h, domain: World ENS Meteogram (Post-processed Method EMOS(oper ENS+DestinE))
16 4 Bonn (Germany) 50.73°N 7.2°E
GRPS - 2 raw forecas), model un : 2022-02-01-2022-02-28,leacktime; 46h, domain: World, mean CRPS: 16065 2m temperature (K) (2021-08-26)
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EMOS generated post-processed ensemble . _

forecasts for 2mT (trained on 30 previous days ™ = == s wes el el me s
. rolling period): ENS Meteogram (Raw oper ENS)

ENS, single DestinE A - - better performance vs. raw ensembles o eyortes K 0 82

forecast _ o mg‘/'hﬂ% using CRPS for all lead-times;

+ observations - Meteograms (vs. raw and DestinE ENS);

distribution using
operational ensemble

For more results including 10m wind speed and bias and spread/error see Ivana Aleksovska's Poster
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Leaming for Earth System Observation and Prediction

< ECMWF

esa

DOWNSCALING ENSEMBLE MEMBERS TO KM-SCALE RESOLUTIONS

(ONGOING WORK)

Can use diffusion models to downscale ensemble members, thus producing high-resolution ensembles much

more efficiently than classical approaches

Example from the literature:
CorrDiff trained to downscale ERA5 to WRF simulations at 2km resolution over Taiwan (Mardani et al., 2023)
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UNCERTAINTY QUANTIFICATION AND TEMPORAL INTERPOLATION
(ONGOING WORK BY MET NORWAY, METEO FRANCE, SMHI)

StyleGAN - Input can be ensemble or deterministic forecast

AROME-EPS GAN GAN GAN

| ) —Example ensemble members
"ligenerated by MeteoFrance on
"AROME data (Brochet et al., 2023).

1 ved Ensemble
0fsicaISpace

Phys|
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DATA-DRIVEN FORECASTS FOR UNCERTAINTY QUANTIFICATION

Train

/ model \
E;%%%; F’r(cjapare Apg[yl
EE j ata mode
\ Capture /
feedback

Developing & running both global & local data-driven models
to create ensembles that complement DestinE simulations
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Stretched grid model (Nipen et al., 2024) Limited Area Model (Oskarsson et al., 2023)

Cf. Oskarsson et al. Thurs 9.50am; Buurman et al. (Poster)
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Al EARTH SYSTEM MODEL

Build full Earth System model
with land, ocean, sea-ice and
hydrology components

Leverage developments made
in the ML project especially
ensemble developments and
learning from observations

ECMWF EARTH SYSTEM APPROACH

( ATMOSPHERE )
e, I =

Solar
radiation

/
%
/
/

Sea-ice /
atmosphere Sea-ice ocean = — Wind / ey
coupling coupling ( OCEAN ) stress / Terrestrial

|
N o | radiation
— R
]
L )
+
Evaporation I = {
\ uman
\\ influences

/

Land-atmosphere
coupling

esa
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EXAMPLE FROM THE LITERATURE:
XIHE: A DATA-DRIVEN MODEL FOR GLOBAL OCEAN EDDY-RESOLVING FORECASTING

Patch Partition Ocean-Specific Transformer Patch Restoration
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Impact sectors

Interactivity

Continuous (e.g yearly for climate) production / operationalization

Flexible on-demand production
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Machine learning will be used to
help stakeholders and policy
makers interact with the digital
twins.

This will make the data more
accessible to users

--------------------------

Extreme-scale capabilities

Data
assimilation
& fusion

Earth
observation

Earth-system
models

Impact
models

Quality and
uncertainty
tracing

Interactive
workflows

Physical
systems

Smart
sensors
& loT

HPC
& Cloud

Data
analytics &
cognitive
computing

Smart
networks &
services

-------------------------
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1 Supercomputing

1Artificial
'Intelligence
' Methods
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Digital Twins

&
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Socio-economic
impact sectors

Economics
& insurance

Hydrology
& water

Food &
agriculture

Biodiversity

Energy &
Transport
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FORECAST-IN-A-BOX

Providing a packaged system with
data-retrieval, forecasting & postprocessing.

This system runs on local hardware or cloud
and is delivered in a matter of minutes

It is configurable for Earth-System components
and user-defined outputs.

ai-models web BB v Destination Earth o, GECMWE @esa @ EUMETSAT

Model: [aifs < ’ corth \ o%
Date: (20240401 ] =
Time:
Lead time:

515 | Degy,
?ch [l/,(9
o |

S yog aw®

Token: [sesssusess | | Submit |

[ &
%HJHM 30N

New job id: 3ad48ead-a7a4-41a5-9170-54b8a2a4fd56
Job status: queued

Job status: active

Job status: ready

Forecast is ready! &3

Click here to download

Wednesday 10 April 2024 12 UTC ecmf t+12 VT:Thursday 11 April 2024 00 UTC 2 m 2 metre temperature
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CLIMSIGHT — INSPIRATION FOR ENHANCED INTERACTIVITY

User request: “What is the best crop to grow here”

communications earth & environment Location: 5.3992N, 6.5163E

Explore content v  About the journal v Publish with us v
Climate impact evaluation

nature » communications earth & environment » comment > article

Based on the environmental variables, the location Ogba/Egbema/Ndoni in Rivers State,
Nigeria is currently experiencing a tropical climate with a mean monthly temperature

{3 r t| O Published: 05 J v 2024 .
b | e | HRREs e ranging from 24.088 °C to 29.071°C and high precipitation throughout the year. The soil

LOC&I climate services fOI' a“, Courtesy Of Iarge type is Acrisols which are typically acidic and low in base cations but can be suitable for
Ia ng uage mOdEIS a variety of crops with appropriate management.

Nikolay Koldunov & & Thomas Jung In the future, there is a projected increase in temperature and an overall increase in

precipitation, particularly in the late part of the year. The wind direction also seems to be
Communications Earth & Environment 5, Article number: 13 (2024) | Cite this article

shifting more towards the east and south.
Crop recommendations

Taking into consideration the local climate and soil conditions, the following crops could

be suitable:

Kold unov & _] u ng 2024 « Cassava: This crop thrives in warm, tropical climates and can tolerate poor soil

conditions. With the projected increase in temperature, Cassava could be a viable

option.
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SUMMARY OF Al ACTIVITIES

Towards an earth-system machine learning model leveraging DestinE data

Developing end-to-end workflows for ML model components like land, ocean, sea-ice, hydrology

Enhance Digital Twin Engine with ML pipelines from training to post-processing

Using data-driven methods for uncertainty quantification of Extremes and Climate Digital Twin

Climate emulator to rapidly explore ‘what-if’ scenarios

Enhanced interactivity

Developing a forecast-in-a-box concept.

Building ML demonstrators for impact-sectors (e.g., health, agriculture, urban)

Develop of a weather and climate chatbot
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https://doi.org/10.21957/1a8466ec2f
https://www.ecmwf.int/en/about/media-centre/aifs-blog/2024/data-driven-regional-modelling
https://www.ecmwf.int/en/about/media-centre/aifs-blog/2024/data-driven-regional-modelling
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