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AI revolution in weather prediction
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An exciting time to be working in meteorology!
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Keisler - GraphNN 1°, 

competitive with GFS

NVIDIA – FourCastNet 

Fourier+ , 0.25°

O(104) faster & more energy 

efficient than IFS

Feb 2022

Full medium-range NWP

Dec 2022

Extensive predictions

Deepmind – 

GraphCast

0.25° 6-hour

Many variables and 

pressure levels with 

comparable skill to IFS.

Jan 2021

Machine Learning Roadmap

ECMWF

Strategy to embed 

Machine Learning 

deeply into the 

ECMWF operational 

chain

ECMWF's
Peter Dueben and Peter 

Bauer publish a paper 

on using ERA5 

at ~500km resolution to 

predict future z500.

Huawei – 

PanguWeather

0.25° hourly product

“More accurate 

tracks” than the IFS.
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Keisler - GraphNN 1°, 

competitive with GFS

NVIDIA – FourCastNet 

Fourier+ , 0.25°

O(104) faster & more energy 

efficient than IFS

Feb 2022

Full medium-range NWP

Nov 2022

Tropical cyclones

Dec 2022

Extensive predictions

Huawei – 

PanguWeather

0.25° hourly product

“More accurate 

tracks” than the IFS.

Deepmind – 

GraphCast

0.25° 6-hour

Many variables and 

pressure levels with 

comparable skill to IFS.

Jan 2021

Machine Learning Roadmap

ECMWF

Strategy to embed 

Machine Learning 

deeply into the 

ECMWF operational 

chain

Jan 2023

Global & Limited Area

Microsoft – ClimaX

Forecasting various lead-

times at various 

resolutions, both globally 

and regionally

Apr 2023

7-d + scores improve

FengWu –

China academia + 

Shanghai Met Bureau

0.25° 6-hour product

Improves on GraphCast 

for longer leadtimes (still 

deterministic)

ECMWF's
Peter Dueben and Peter 

Bauer publish a paper 

on using ERA5 

at ~500km resolution to 

predict future z500.

Oct 2023

Experimental Operational DDWF

NVIDIA – SFNO 
0.25° 6-hour product
Extension of FourCastNet 

to Spherical harmonics, 

improved stability

Alibaba – SwinRDM 

0.25° 6-hour product

Sharp spatial features

Jun 2023
Diffusion modelling & 

Spherical harmonics

AIFS – ECMWF

1° 6-hour**

Deterministic GNN

Dec 2023

Probabilistic DDWF

Deepmind – GenGast

1° 6-hour

ML-based generative 

model for ensemble 

weather forecasting

June 2024

Higher Resolution

Microsoft – Aurora

Higher resolution – 0.1°

Atmospheric composition

Jan 2024

AIFS Upgrade

AIFS – ECMWF

Push to N320 ~0.25 °

July 2024

AIFS ENS

AIFS ENS – ECMWF

First AIFS ENS 

experimental

Feb 2025

AIFS Operational

AIFS – ECMWF

AIFS goes fully 

operational
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Verification of AIFS: Accuracy of Z500 forecasts compared to IFS

3-day forecast

5-day forecast

7-day forecast

10-day forecast

AIFS

IFS
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AIFS-CRPS Medium-Range evaluation, 50 member vs O1280 IFS

Verification: Oper An, Obs
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Post-processingobservations analysis
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Data 

assimilation

Forecast

model
Post-processingobservations analysis

forecast

products

raw

forecast 

data

The weather forecasting process

How will machine learning impact the area of 

observations and data assimilation?
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A spectrum of possibilities

Pure
physics

(+ numerics, statistics

+ heuristics)

Pure 
data-driven

(+ inductive biases)

Use physical models 

where they are good

Use ML to learn 

components without a 

strong physical model

Use ML almost 

everywhere,

but add physical 

constraints where 

data is lacking

IFS with learned

observation operators

IFS with learned

observation operators

+learned model error correction AI-DOP

AI-DOP

with loss terms

to penalize unphysical

predictions
IFS

+ many possibilities

Cloud detection

Bias correction

QC / Instrument anomaly detection

…
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30-second primer on supervised machine learning

Input Output

(prediction)

Target

Loss

Update network weights
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Loss

Update network weights

Physical state Observation

e.g. learn an observation operator

Input Output

(prediction)

Target
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Loss

Update network weights

Model state

at t+0
Model state

at t+6

e.g. learn a forecast model that makes predictions in model space

Input Output

(prediction)

Target
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Loss

Update network weights

Observations

in last 12h

Observations

in next 12h

e.g. learn a forecast model that makes predictions in observation space

Input Output

(prediction)

Target
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Example:

Learning an observation operator for scatterometer backscatter
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Learning an observation operator: example scatterometer sigma0

Over the ocean, scatterometer backscatter (sigma0) is sensitive to the small-

scale surface roughness generated by near-surface winds.

Currently, we assimilate Level 2 scatterometer ambiguous wind u/v retrievals

(for most other observation types we assimilated Level 1 data)

We don’t have an observation operator for scatterometer backscatter in IFS

Can we train a neural network observation operator for scatterometer 

backscatter over the ocean? 

Saleh Abdalla,

Sean Healy,

Giovanna De Chiara

model u

model v

scatt incidence angle

scatt azimuth angle

Backscatter sigma0

2 hidden layer

64 nodes per layer
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Learning an observation operator: example scatterometer sigma0

Training:  

ASCAT-B

Validation:  ASCAT-B

Validation:  ASCAT-C

Aug. 2020 Aug. 2021 Aug. 2022 Mar. 2023

Results assimilating backscatter

show comparable performance to 

assimilation of ambiguous u/v retrievals

No scatt

sigma0

u/v retrievals

Observed backscatter
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Saleh Abdalla,

Sean Healy,

Giovanna De Chiara
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Learning a forward operator for backscatter over land

SHAP values

Vegetation (LAI) and surface soil moisture (SM1) 

are the most influential variables

Features selection

Training database (Aires, et al., QJRS 2021)

• Inputs ERA-5: Leaf Area Index (LAI), soil 

moisture (SM) (3 layers), soil temperature (ST) 

(3 layers)

• target: ASCAT backscatter normalized at 40°

• localization : latitude, longitude (sin/cos 

transform)

• period: 2016-2018 (training and validation), 

2019 (testing)

• resolution: 0.25° grid.

Garrigues et al., 2024, IGARSS

The geophysical sensitivity of scatterometer backscatter is very different

over land compared to that over the ocean:

Sebastien Garrigues
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Learning a forward operator for backscatter over land

PredictionObservation
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Garrigues et al., 2024, IGARSS
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Observed backscatter

One year evaluation (2019)

The learned observation operator shows 

accurate reconstruction of the relationships between

backscatter and the geophysical variables

Sebastien Garrigues
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Learning a forward operator for backscatter over land

Surface soil moisture increments Root-zone soil moisture increments

Impact on GPP: evaluation 

against satellite-based GPP 

(Gross Primary Production) 

- FLUXSAT

Sebastien Garrigues



October 29, 2014

Other examples of learned observation operators:

 MFASIS (visible reflectances)
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Combining machine learning and data assimilation to
retrieve sea ice concentration in 4D-Var

+ allow radiance assimilation over sea ice
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Microwave brightness temperatures from channels with sensitivity to sea ice can 

provide valuable information on sea ice concentration and sea ice properties

However, we don’t have a good model of sea ice emissivity

and the surface properties that influence it…

Here an approach combining offline machine learning

and data assimilation is used to solve this problem

Alan GeerCombining machine learning and data assimilation to
retrieve sea ice concentration in 4D-Var
+ allow radiance assimilation over sea ice
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Sea ice concentration

Stage 1: Offline training

 NN to estimate sea ice surface emissivity – used by RTTOV to provide output brightness temperatures

 

 Training jointly updates:

  i) 4 state variables: 3 sea ice empirical sea ice state variables + sea ice concentration (at obs locations)

  iii) weights of a NN to estimate sea ice surface emissivity

 Sea ice surface emissivity is used in combination with the sea ice concentration + ocean surface emissivity 

 to provide a whole surface emissivity for RTTOV

 Training targets:

  AMSR-2 brightness temperatures

Alan Geer

Stage 2: Online inside 4D-Var

 Fixed NN weights

 4D-Var updates:

  3 empirical state variables

  sea ice concentration
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Sea ice concentration

RMSE temperature

Evidence of improved temperature forecasts along the edge of the sea ice

Operational in CY49R1 (2024)

These techniques can also be applied

 to many other uncertain components across IFS

Alan Geer

Sea ice concentration 

Provides a new estimate of sea ice concentration
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Example: 

Learning (and correcting) model error
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Learning a model error correction from observations

Use 4D-Var minimization to optimize the weights of a neural network embedded in the IFS

which adjusts/corrects the model tendencies so as to fit the observations in the trajectory more closely

Alban Farchi, Marcin Chrust

Results shown in this lecture are from a configuration with a 

separate 4D-Var step to updates NN weights only,

fitting obs in a 48h window
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Learning a model error correction from observations

Online batched training:

 TCo399 resolution 

 8 members per batch (randomly sampling dates to improve generalization)

Training dataset: 182 48h-windows over 2024

Evaluation: forecast-only experiments in 2025

NN tendency corrections applied throughout the forecast

Alban Farchi, Marcin Chrust

Strong improvements in

medium-range forecast scores
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Learning a model error correction from observations

Dynamically indistinguishable from IFS forecasts

→ Paper coming soon!

Alban Farchi, Marcin Chrust
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Example:
 
Learning everything - AI-Direct Observation Prediction

Thanks: Mihai Alexe, Eulalie Boucher, Ewan Pinnington, Patrick Laloyaux, Simon Lang, Tony McNally
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Learning it all: AI-Direct Observation Prediction (AI-DOP)

NWP

Can end-to-end observation-driven weather prediction

challenge the state of the art? 
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Learning it all: AI-Direct Observation Prediction (AI-DOP)

Why would we want to do this?

• because it gives the training process complete freedom to jointly optimize all parts of the system 

end-to-end so as to improve the thing we care about – the medium-range forecast scores

• speed – you can complete a full DA / forecast in ~ 2 minutes rather than 2 hours

• simplicity and sustainability of the system

Many open questions:

Are the observations complete enough to allow the network 

to learn sufficiently accurate representations of the physics 

that we normally encode into our NWP systems?
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latent space Prediction

obs space

A learned “DA” function

which combines information

from different sources

into a (learned) set of 

unified latent state 

variables

A learned forecast model which 

evolves the latent state forward in time

Learned observation operators 

which map from the network’s 

internal model latent state

to observation space

AI-Direct Observation Prediction concept

End-to-end observations → forecast  ( no explicit data assimilation step )
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MODIS GPM DPR  / TRMM PR

convergence of wind in boundary layer

Differences in boundary layer properties

Sunglint depends on sea surface state

which depends on surface winds

Land surface vegetation

To make an accurate prediction of an observation

the network needs to learn an internal representation 

of the Earth System state and processes that the 

observation is sensitive to…

Learning from the rich information content of observational data
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Input 200hPa wind obs Predicted 200hPa wind at t+24h on O96 grid

Even in areas where there are no direct observations for that variable

- evidence that it has developed a model of the relationship between 

different observed variables

Learning a data assimilation function to combine information from 
multiple sources: GraphDOP can make predictions on a regular grid
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Learning a data assimilation function to combine information from 
multiple sources into a unified latent state: cloud example

Predicted IASI ch 756
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Predicted AVHRR visible

Learning a data assimilation function to combine information from 
multiple sources into a unified latent state: cloud example
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Predicted SYNOP cloud fraction

(on a regular grid)

Learning a data assimilation function to combine information from 
multiple sources into a unified latent state: cloud example
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Ageostrophic flow

Flow over orography GraphDOP ERA5

GraphDOP ERA5

Learning a model of the Earth System from sparse, indirect observations
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Increased ageostrophic flow near the surface

u-wind

200hPa

DOP prediction

Geostrophic

u-wind

200hPa

derived from

geopotential

prediction 

Learning a model of the Earth System from sparse, indirect observations
Balance relationships
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𝑆2
∗ =

𝑝0 + 𝑝12 − 𝑝6 + 𝑝18
4

Semi-diurnal solar atmospheric tides

GraphDOP ERA5

Learning a model of the Earth System from sparse, indirect observations
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GraphDOP (prediction) SEVIRI (observed)5-day forecast:

10.8µm (window channel)

6.3µm (water vapor channel)

Representations of convection 

and 

extra-tropical dynamics
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Extra-tropical dynamics: explosive cyclogenesis

ECMWF operational analysis

(for reference only)

Mean sea level pressure

GraphDOP prediction (gridded)
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ECMWF operational analysis

(for reference only)

Mean sea level pressure

GraphDOP prediction (gridded)

Extra-tropical dynamics: explosive cyclogenesis
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ECMWF operational analysis

(for reference only)

GraphDOP prediction (gridded)

Mean sea level pressure

Extra-tropical dynamics: explosive cyclogenesis
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ECMWF operational analysis

(for reference only)

Mean sea level pressure

GraphDOP prediction (gridded)

Extra-tropical dynamics: explosive cyclogenesis



Case study: Arctic rapid freezing event 
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T+24h

T+5 days

T+10 days

- AMSR-2 (5v) MW brightness 
temperature signal of the sea ice 
extent

- Captures a rapid freezing 
event 

- Reproduces the signature of sea 

ice in the brightness temperatures

- Underscores the capacity to learn 

representations of sea ice 

dynamics from indirect 

observations without access to 

explicit sea ice labels

GraphDOP AMSR-2 
(target)

ORAS6 SIC
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Significant wave height

2-meter temperature

850hPa temperature

200hPa winds

1 hour precipitation accumulation

Cloud fraction

SEVIRI infrared window channel

AVHRR visible channel

Learning observation operators that map back to observed variables

SST
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Target

Learning an observation operator; latent state → observation space:
Representation of limb effects

NPP ATMS ch7
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Prediction

Learning an observation operator; latent state → observation space:
Representation of limb effects

NPP ATMS ch7



October 29, 2014

Learning an observation operator; latent state → observation space:
Representation of limb effects

Prediction with zenith angle set to zero

→ Evidence that it has a learned a representation (in some form) of limb effects

NPP ATMS ch7



AI-DOP: still progressing rapidly, but can it challenge the state of the art?

52

Results from Sept 2024 Sept 2025 IFS analysis

10m wind speed

June 2025 August 2025May 2025

T850 N.Hem RMSE:

Encouraging results, many open research questions to be addressed



Summary

• The “AI revolution” in weather prediction has mainly affected the model component so far, 
but attention is increasingly turning towards data assimilation and observations.

• Machine learning offers many opportunities to improve our use of satellite data for 
weather prediction, from individual learned components inside traditional NWP systems to 
more radical end-to-end approaches.

• Several of these ML developments are already operational with more in the pipeline.

• It’s an exciting time to be a researcher in weather prediction

– lots of low hanging fruit!
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