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Developments Since 2022 in Forecasting Systems

Al Weather Forecasting — ongoing Developments ————

AIFS (ECMWF) [

e [ ——— € n—

&b o o

AICON :*73)i ¢t [B
graph neural "{Qi ¢

network forecasting
made|

Implemented
Training ongoing

R385 -> RIB6 -> RIBT
I\ p

Raaayas sed ACON-Gragh blrwnse
Taegacanw oo model ! 1 (=788 RBa)

AICON-LAM

YK " ' % L R B A B
Regionalization with ip | | | |
particular applications | W w /) .|
om s b s ! e b b
‘w | m C o Sl A
I I | | |
] ' - ) | |
‘ | | |
- | = L el T T
I | | |
N ' &) Ta e
| | | |

KANGU Weather: Transformer for NWP e m—

Pangu-Weather Ablation Study Aschitectural lssights nto wad
tainng methadolegy optimization

El of Pangu- Wasthar
RS Dofbn To Men Quamtng, Gholen A}
+ * Hendogon poase, Markan Gtz Achan
ﬁ Stret, ancl Charlctte Detan
— s
D‘ 1
| 0 | |
-—— B et 5 ﬂ%; p—
gy | ..

Neural LAM

o -

mllam/neural-lam

ECMWEF Perspective / DestinE

Weather Generator

Direct Observation Prediction DOP (ECMWF)

EENWT oo
pecpect odlnd WastherGenerstor whch
24ms £ uw mackine barring in novwl ways
for waathar forcmting and to madel
rdsted Earth vystwen proceses
The dvwioprmusts in the
ViastherGenersncr wil i 1o the

S n the OUfs
Dutination Earth [Deatinl} mtsstaw, in
which we are one of three srmrarted
enttias dongude ESA and EUMETSAT. It »
antcipatud et & con des b ud 1o
ipbe et thu Cartra's vtandard wartser
forecaen
The WinrtterGe rmetce is baing developed
try 16 Exropean orgarastions, i 4 four
poor LU fond rtiatavw whach m fo ctart in
Fobinuary 2024

o v 4 20

Software Frumarwerh for Al Models
Shertly aftes the lmings of AIFS,
ECMWF and its Memnber

Statin harew ntroduced Aveme, an

Oz 40U cb Ultwars Ao
desgemd 10 provide T esimst

i Ming Leschs S trainirg state-of Zhw-
a1 dti-driven sodeb and depilying
Therm in s operstions wtang, Anemao
ncomg i s gl
wesywemn of Pyshon packiges,
adebewising the entire [ e eyele of dua-
driven model ing - from data

prepar ation and med dusekgmnt o
Ozerumont] eseuion - emurieg
vearmbess ind effcent werkfiow for
advinced modeling sppiicitions.




Wetter und Klima aus einer Hand

AICON in operational production WME

AICON 00
graph neural network 3
forecasting model ,
J //// 21
Based on ICON-DREAM / \ b
13km global 2 o .
_Ensemble Reanalysis S 8 ¢ & &

Reanalysis and AICON-Graph Inference

Temperature on model level 101 (~700 hPa)
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Introduction of AICON-GIobal
Roland Potthast

AICON

Upper Air Scores
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AICON Operational Scores

riod: 2025/09/03 -2025/09/29

pe
INI: 00, 03, 06,09, 12, 15, 18, 21UTC, SIGN. TEST: TRUE

Data selection by valid-date
Reduction of RMSE [%]

Verification




AICON Operational Scores

- 2025/09/03-00UTC -2025/09/27-12UTC
INI: ALLUTC, DOM: ALL, STAT: ALL
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AICON Operational Scores

Fractional Skill Scores for Precipitation
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AICON - ML-based Weather Prediction ] ©

AICON forecast - Hufriéane "Melissa"

Example for 2025-10-25.03:00 UTC

Hurricane Melissa

Film by
Jan Keller
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CTH Image Interpretation Deutscher Wettedienst
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Cloud Top Height (CTH) over Central Europe
python : s =

- - - ~ s !

from openai import OpenAl

from dotenv import load_dotenv

import os

import base64

from IPython.display import Markdown, display

load_dotenv ()
client = OpenAl (api_key=os.getenv("OPENAI_API_KEY"))

Cloud Top Height (m)

with open("cth_map.png”, "rb") as image_file:
base64_image = base64.b64encode(image_file.read()).decode("utf-8")

response = client.chat.completions.create(
model="gpt-4-turbo",
messages=[

{
"role": "user",
"content": [
{
"type": "text",
"text": (

"This is a satellite-derived Cloud Top Height (CTH) image over Europe.”
"Please interpret the structure shown in the image: \n”"

- Identify regions of high or low cloud tops.\n"

- Estimate where deep convection may be present.\n"

- Describe what synoptic or convective features are visible.\n"”

- Provide a summary of the possible weather situation.”




Al-VAR: Learning Analysis from Obs = pusasuecusen: I6}
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ML methods are
minimizing some functional

Train with
Data Assimilation
Loss Function!

d I‘_Z<1V > physics > arXiv:2406.00390

Physics > Atmospheric and Oceanic Physics
[Submitted on 1 Jun 2024]

Al-based data assimilation: Learning the functional of analysis estimation

Jan D. Keller, Roland Potthast

Al-VAR / SynCast
neural network based
data assimilation

Implementation & Testing

The integration of observational data into numerical models, known as data assimilation (DA), is fundamental for making Numerical Weathe
(NWP) possible, with breathtaking success over the past 60 years (Bauer et al. 2015). Traditional DA methods, such as variational technig
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Al PF
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Learn to place particles

to fit the posterior
distribution

Based on the first guess
ensemble and

the observation

just from Observations!
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Learning the PF from Obs: Al PF s i
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Total Loss

[:(9) — Enbs + )‘-bg Ebg

4 o )
Lops = — log (N ) exp (logp(: | m;)))
Log = KL(p*(2) || a(2)) = ) wP™(Z) (log wP*(Z) — log wﬂ(Zk))

\_ ¢ v

Combined loss function, matching the
non-Gaussian posterior distribution!
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Learning the PF from Obs: Al PF
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Neural PF (torch): Truth vs Background vs Analysis (means)
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Learning the PF from Obs: Al PF mtﬁzzﬂ,ﬁ::f;“;itﬁﬁg

First-guess mean errors (1000 steps)

= FG error: net (BG+obs)
Training —— FG error: net_obs
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Learning the PF from Obs: Al PF
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Lorenz 96 Conceptual Tests with AIPF

Truth mean flow First- g s mean flow Difference (FG - Truth)
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ORIGEN:!: Observation based Reconstruction and Inference for Deutscher_mﬂewienﬂg
Generatlve EmUIatlon Of Nonllnear Systems Wetter und Klima aus einer Hand Ny

Current Model
(Starts with Persistence)

Background
states

o] e | 2.Lean a simple model
3.Use the model to carry out
State

Assimilation with it
{((Re—]Train Model ]

o 1.Carry out Assimilation with
Persistence

4.Learn a better model

Forecast Network)

New Model
Version / Forecast

% 2025 Roland Potthast 15

Cymolaia: A Cycled Model-Learning and
AI Analysis Framework

5.Continue the cycled
iteration!

Roland Potthast'?, Stefanie Hollborn', Jan Keller', and Maria Reinhardt'

tscher Wetterdienst (DWD), Offenbach, Germany
tics and Statistics, University of Reading, United Kingdom

Cymolaia Cycle




ORIGEN: Oscillator Example
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2D-Kreisbahn mit 10 Schritten
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Cymolaia: A Cycled Model-Learning and
Al Analysis Framework

% 2025

Roland Potthast'?, Stefanie Hollborn!, Jan Keller!, and Maria Reinhardt’

'Deutscher Wetterdienst (DWD), Offenbach, Germany
*Department of Mathematics and Statistics, University of Reading, United Kingdom

3D-Var: Round 2 uses Round-1 analyses as backgrour
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ORIGEN: Oscillator Example

Deutscher Wetterdienst
Wetter und Klima aus einer Hand i ‘
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Cymolaia: A Cycled Model-Learning and
AT Analysis Framework
Roland Potthast'?, Stefanie Hollborn?, Jan Keller', and Maria Reinhardt?

!'Deutscher Wetterdienst (DWD), Offenbach, Germany
*Department of Mathematics and Statistics, University of Reading, United Kingdom
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ORIGEN: Oscillator Example

Iterative 3D-Var (1000 cycles, subset shown)
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Employ Kalman
Filter type B matrix
update!
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e 0Obs x2

Cymolaia: A Cycled Model-Learning and
AT Analysis Framework

'Deutscher Wetterdienst (DWD), Offenbach, Germany

Roland Potthast'?, Stefanie Hollborn?, Jan Keller', and Maria Reinhardt?
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ORIGEN: Lorenz 96 MWME
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4 | | | Learning Lorenz 96 from
iy | | observations of a random
selection of observed points

Iteration 1

4 ] 1 1 Cymolaia: A Cycled Model-Learning and
: ] 1 1 Al Analysis Framework

Roland Potthast!?, Stefanie Hollborn', Jan Keller', and Maria Reinhardt®

Iteration 2

. | | | ! Deutscher Wetterdienst (DWD), Offenbach, Germany
*Department of Mathematics and Statistics, University of Reading, United Kingdom

Original Time Series Analysis (xa) Series Forecast Difference (0.0188) Difference (0.0216)
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0 5 10 15 20 0 5 10 15 20
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Observations and Artificial Intelligence me
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Consequences of current developments, main lines

= Users get new access to information through

large language models

= There are new technigues for fast analysis and modelling, nowcasting and

forecasting, and monitoring

-
wm)
"4 LANGUAGE \/( 1
~MODEL , | |11

= Characterization and detection of phenomena, processes,

features and their relevance can be automatized in a new way

= Conceptual Interpretation of observations becomes

possible in an new way, with insight, understanding and impact

R .



Summary: back to physics and processes WME

Wetter und Klima aus einer Hand

Al helps us to find and emulate physical processes from
observations
« Al is a tool which helps us to identify and interpret
* phenomena,
* characteristics,
* Processes
« Al can learn to observe (identify) and characterize phenomena
and temporal changes or evolution of phenomena

We need to think in processes and what information we observe
on what temporal scale needed for application areas and tasks

% 2025 Roland Potthast 21



Global to Regional ICON
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