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Overview

« Background and setting the scene
* Initial exploration: GraphCast and SFNO (main focus sub-seasonal/multi-week)
« Moving to AIFS-based systems, starting with AIFS and weather forecasting

* Future plans

OFFICIAL f&}



OFFICIAL

Initial exploration: GraphCast and SFNO

Evaluation of pre-trained ML weather models GraphCast and FourCastNetV2 ("SFNQO") for sub-seasonal
prediction

ML models:

* Pre-trained on ERA-5 data

» Uses an 6h-autoregressive timestep

* We assess forecasts out to 28-days (although they were NOT developed with S2S in-mind)
* No ensemble

Experimental Testbeds/Hindcasts

Extended hindcast: Mini-hindcast:
38 years Jan 2022 — Jun 2024
Forecasts on 15t of each month (456 start dates) 1st and 16t each month (60 start dates)
+ Same period as the ACCESS-S2 hindcast, allowing for » Several of the latest dynamical model versions
comparison with our operational seasonal model from the Met Office (e.g., GC5) are being

«  However, period overlaps with ML training period evaluated over this testbed

A 9-member ACCESS-S2 ensemble is used for some *  The period is out-of-sample used for ML training

comparisons « Evaluation of anomalies? Statistical significance of
results? Enough samples of climate drivers?
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Multi-week skill: correlation

Global ave u-10m correlation Global ave 850hPa temperature correlation

0;4 ML: GraphCast o8
ML: SFNO

* ACCESS-S2 ensemble mean | *
" Compare ML models to ACCESS-S2 9-member
o ensemble mean and
. I w . i I « Forecasts of anomalies
of i o « ML models slightly better in weeks 1 and 2

'WEEK1 WEEK2 WEEK3 WEEK4 WEEK1 WEEK2 WEEK3 WEEK4

Global ave mslp correlation Global ave rainfall correlation . .
et Won B T W ea oo e PPy o * For most variables, at weeks 3 and 4, ACCESS-S2 single

. member is similar to ML models
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« Gains in skill to week 3 and 4 from ACCESS-S2 ensemble

" . * How will an ML ensemble approach perform?
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Multi-week skill: correlation

Screen-level temperature
ACCESS-S2 (single member) GraphCast SENO

S2(cas1)Temp_1.5m COR WEEK1 GraphcastTemp_1.5m COR WEEK1 SFNOTemp_1.5m COR WEEK1
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Multi-week skill: correlation

Rainfall
ACCESS-S2 (single member) GraphCast
S2(cas1) PRCP COR WEEK1 Graphcast PRCP COR WEEK1
Week 1
™ S2(cast) PRCP COR WEEKS T rophoast PRCP COR WEEKS
Week 3
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MJO performance in the ML models?

Two cases o
Initialised: 1/3/2012

REIIMl & RMM2 phase diagram start from 2012-03-01: 28days

U850 anomalies
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MJO skill
Correlation
. 1981-2018 Compared with ERAS
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MJO: speed of propagation

« Composites of MJO events by initial phase
« GraphCast propagation too slow; SFNO close to ERAS5 (and similarly for NCEP/NCAR reanalysis)

Example for MJO's starting in Phase 3

4 . Composite MJO speed
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MJO-rainfall composites

Week 1 (days 1-7)
NCEP/NCAR reanalysis 1 (NNR1) ACCESS-S2 ML-graphcast
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Week 3 (days 15-21)
NCEP/NCAR reanalysis 1 (NNR1) ACCESS-S2 ML-graphcast
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SAM performance in the ML models?
SAM pattern (EOF1 mode)

ERA5 ACCESS-52(e01) graphcast sfno

EOF1: 13.1% ACCESS-S2(e01) EOF1:13.15% graphcast EOF1: 13.04% sfno EOF1: 13.42%

- .

Week1
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graphcast

Week3
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SAM skill

Correlation

Correlation

From: Chen Li

1981-2018
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Compared with ERA5
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Moving on to investigate ECMWF ML systems...
Starting with AIFS

Artificial Intelligence Forecasting System (AIFS)
ARTIFICIAL INTELLIGENCE FORECASTING SYSTEM (AIFS) CECMWF Operational: 25 February 2025

1. Observe 2. Absorb 3. Model 4. Predict

AIFS Single: deterministic forecasts

Every day, we collect 800 60 million quality-controlled They feed the AIFS’ new Al Now: AIFS Single one
million observations of Earth’s observations are absorbed model, which predicts Earth’s forecast at a time
atmosphere, wind, by our physics-based weather for the coming days

temperature and beyond Integrated Forecasting System AIFS Outperforms State'Of'the'art phyS|CS_based
models for many measures, including TC tracks,
with gains of up to 20%

Grid spacing ~28km
Next: AIFS ENS
ensemble modelling for

How we train the Al model 50 forecast scenarios

Our data archive of the Earth's hourly weather creates a training
loop that feeds the Al model using data from 1979 to present

Implemented at the Bureau (NCI) to run
: o Y Statetagsd forecasts using initial conditions from IFS,
2025 repeatedly checks S ACCESS-G and ERA5

and corrects errors to
Improve accuracy

e .:.: : &> ‘

https://lwww.ecmwf.int/en/about/media-centre/news/2025/ecmwfs-ai-forecasts-become-operational
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AIFS case studies
TC Sean (Jan 2025) oy g T -
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More accurate intensity forecasts with AIFS compared to GA8/GA9

AIFS-IFS: initial conditions are IFS
AIFS-G3: initial conditions are ACCESS-G3
GA8: model used in ACCESS-G4

GAQ9: next generation global model

GA8-CoM: GAS8 using the new CoMorph-A convection scheme OFFICIAL From: Hongyan Zhu
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TC Sean: Azimuthal Wind (at 850hPa) IS
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AIFS NWP case studies

TC Alfred (Mar 2025)

2025/03/03 TC-Alfred

2025/03/03 TC-Alfred
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GA8 and GA9 have more accurate intensity forecasts compared to AIFS. The AIFS-G3 track forecast aligns most closely with
observations, while AIFS-IFS predicts a northward movement of the TC instead of a westward movement before landfall.

AIFS-IFS: initial conditions are IFS
AIFS-G3: initial conditions are ACCESS-G3
GAS8: model used in ACCESS-G4

GAQ9: next generation global model OFFICIAL

From: Hongyan Zhu




OFFICIAL

AIFS NWP case studies

May 2024 cold front: produced damaging winds and widespread rain

Rainfall "observations": 30 May 2024
GPM
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Forecasts for 30 May 2024 (48 hours lead time). Results interpolated to 0.25° x 0.25°
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Pan-Australia regional NWP model | ‘ Global NWP model (GA6GL6) Global NWP model (GA8GL9)
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Fraction Skill Score (FSS) results: JJA 2024 (4 starts per day: n=368)

Rainfall for VIC and Tasmania region

Lead Time: 6hr

Threshold: 0.5mm/hr
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Threshold: Imm/hr
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Future plans

L : WP-MIP: the Weather
Specific immediate term goals: Prediction Model

« More exploration of AIFS / Intercomparison Project
« Contribute to WP-MIP (AIFS initialized with ACCESS-G3 ICs....)

WP-MIP aims to accelerate the development of physical, hybrid, and Al-based
mmunity of ex comprehensive

- Implement AIFS-CRPS and evaluate for Australia (and to S2S) e

« Australian configuration of Bris with high resolution component over
Australia, fine-tuned on BARRA reanalysis

* Integrating ML models into post-proc (IMPROVER) (Belinda's poster 2.2)

. ' ?
Can an ML model drive ocean forecasts Regional ML weather model with a global stretched-

grid (Bris model, Met Norway)

More genera"y: https://www.sigma2.no/research/bris-high-resolution-data-driven-weather-forecasting-model

« Building infrastructure and capability

* Building understanding of how to integrate global ML models into our
forecast delivery pipeline

« Strengthening connections with key national and international players

« Starting an ongoing conversation with Bureau Services around global ML

global
arid regional

grid

OFFICIAL https://arxiv.org/html/2409.02891v1 @
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D) The Bureau
of Meteorology

Thank you

debbie.hudson@bom.gov.au

OFFICIAL



	Slide 1: Integrating data-driven global models into our evaluation framework: A Bureau of Meteorology perspective 
	Slide 2
	Slide 3
	Slide 4: Multi-week skill: correlation
	Slide 5: Multi-week skill: correlation
	Slide 6: Multi-week skill: correlation
	Slide 7: MJO performance in the ML models?
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12: SAM performance in the ML models?
	Slide 13: SAM skill
	Slide 14: Moving on to investigate ECMWF ML systems…  Starting with AIFS
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20: Future plans
	Slide 21: Thank you 

