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Background

Ensemble Forecast
FuXi-S2S (Chen et al., 2024)

a  FuXi-S2S inference stage
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FuXi (Chen et al., 2023)

a) The overall architecture of FuXi model
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Deep learning-based weather forecast models surpass NWP models

Both NWP and DL-based weather forecasting models rely on the initial fields °
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Al In Satellite Data Assimilation

DL-based Weather Forecast Models
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All-sky Al-RTM
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Research Article

All-Sky Microwave Radiance Observation Operator Based on
Deep Learning With Physical Constraints

Zeting Li, Wei Han 5%, Xiaoze Xu, Xiuyu Sun, Hao Li

First published: 06 December 2024 | https://doi.org/10.1029/2024)D042436
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Abstract
Satellite data assimilation relies on the radiative transfer models (RTMs) to establish the %

relationships between model state variables and satellite radiances. However,
atmospheric radiative transfer calculations are computationally expensive, especially
when involving multiple-scattering calculations in cloudy areas. In recent years, deep
learning (DL) models have been increasingly applied to emulate and accelerate physical
models. This study, for the first time, explores DL techniques to emulate all-sky radiative
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* LSTM captures the relationships between layers

* The learnable Q matrix captures the sensitivity of channels

to different layers.
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All-sky Al-RTM
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Simulation errors of each channel
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The computational efficiency has improved by 20 times, with over 99.5% of the differences within 0.01K.
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" All-sky Al-RTM
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* The Attention weights derived from the AI-RTM resembled * The Jacobians derived from the Al-
the weighting functions of MWHS-2 channels RTM are stable and accurate



/8 Al-RTM (Considering Uncertainty)
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jGR Machine Learning
and Computation

Research Article 3 Open Access () ®

A Machine Learning-Based Observation Operator for FY-4B
GIIRS Brightness Temperatures Considering the Uncertainty of
Label Data

Yonghui Li, Wei Han & Wansuo Duan 3%, Zeting Li, Hao Li

First published: 19 March 2025 | https://doi.org/10.1029/2024JH000449

= SECTIONS = pDF ¥\ TOOLS <« SHARE
Machine learning (e.g. NN) Variational data assimilation
Labels y Observations y°
Features X State X o o
Use DA methodology to improve ML training
Neural network or other y' =W(x) Physical forward y = H(x)
learned models model
Objective or loss (y —y)? Cost function — b o_ Th-1(c0 _
functon 7 =1+ (- HE) RGP -HW)  Alan Geer, 2022
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Al-RTM (Considering Uncertainty)

Wavelength [pum]
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* The loss function, which considers the simulation
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Al-RTM (Considering Uncertainty)
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Simulation errors of each channel Spatial distribution of simulation errors
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Compared to the MSE loss, the model using the MLE(weighted) loss shows smaller simulation errors.



FuXi-En4dDVar

Geophysical Research Letters’

Research Letter (3 OpenAccess () (®

FuXi-En4DVar: An Assimilation System Based on Machine
Learning Weather Forecasting Model Ensuring Physical
Constraints

Yonghui Li, Wei Han %4 Hao Li 4 Wansuo Duan, Lei Chen, Xiaohui Zhong, Jincheng Wang, Yongzhu Liu,
Xiuyu Sun

First published: 14 November 2024 | https://doi.org/10.1029/2024GL111136 | Citations: 2
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FuXi-En4dDVar

aHn

\ \
Architecture of FuXi-En4DVar
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n FuXi-En4DVar

W

(a) zs00 - 0.05mis 7(chI R50 (e) Rrs00 7
| N\ i Single-observation test
s | \ | * FuXi-En4DVar assimilation

| , STy JS system effectively adjusts the
o G S £ R analysis increment within the

110°E 120°E 130°E 140°E 150°E 20 Igl(]"E 70°E 80°E 90°E 100°E 110°E 120°E 130°E 140°E 150°E

T TS T constraints of physical balance.

S~ . (¢

(b) 2 (d) rs00 (® Rs00
70°N — ] —
100 - : S
40°N e
. 60°N
£
= 300 30°N
()
E O
2 <0 50°N
& ’ 20°N
[=®
40°N
850
10°N
100923 126 129 132 135 BN SN, e S 2 SR
LON 60°E 70°E 80°E 90°E 100°E 110°E 120°E 130°E 140°E 150°E
| | | T T T T T T T
[E— I T T aaa—— —2.4 2.0 -1.6 -1.2 —0.8 —0.4 0.0‘014 0.8 —0.45 0.00 045 090 135 1.80 225 2.70
-12 =06 0.0 0.6 12 18 24 30 36 42 +10-2

15 AR



aHn

W

OMB and OMA
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Analysis error is reduced after assimilating simulated observations.
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0n FuXi-DA: End-To-End Assimilation
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npj | climate and atmospheric science
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Article | Open access | Published: 26 April 2025

FuXi-DA: a generalized deep learning data assimilation
framework for assimilating satellite observations

Xiaoze Xu, Xiuyu Sun, Wei Han 83, Xiaohui Zhong, Lei Chen, Zhigiu Gao & Hao Li &

npj Climate and Atmospheric Science 8, Article number: 156 (2025) | Cite this article
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The comparison between the variational data assimilation and Fuxi-DA

VariationLDA FuXi-DA
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* No thinning (grid-based super observation)
* No observation operators (feature space interaction)
* No error estimation (automatic weight learning)
* No bias correction (spatial-temporal encoding)
* Reduced computational cost (fast inference)
>

Joint training of assimilation and forecasting models to
improve long-term forecast performance

Fusion Module

FuXi-DA : End-To-End Assimilation

Architecture of FuXi-DA model
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DA process is treated as an incremental learning process
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FuXi-DA
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FuXi-Weather
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Schematic of the FuXi Weather System
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Observation distribution
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* The forecast accuracy is comparable to HRES, and the
later-stage forecast is better than HRES (right, red dots)

* Among the 15 evaluated variables, 7 have skillful forecast
lead times exceeding HRES, with the skillful lead time for
7500 extended from 9.25 days in ECMWF HRES to 9.50
days (left)
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0Hn Conclusions

W

* AI-RTM significantly improves computational efficiency and achieves high accuracy in
both forward and Jacobian calculations, making 1t suitable for future assimilation
application research.

* The FuXi-En4DVar assimilation system can generate flow-dependent background error
covariance matrices, while avoiding the use of the adjoint model, thereby simplifying the
solution of the cost function.

* FuXi-DA effectively assimilates satellite observations, simplifies the observation data
processing workflow, and reduces the consumption of computational resources.

* FuXi-Weather achieves forecast accuracy comparable to HRES, with smaller forecast
errors 1n the long-term forecasts.
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