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AI-RTM End-To-End Data Assimilation

Atmospheric radiative transfer calculations are computationally expensive, ML End-to-End Approach vs. -1
especially for multiple-scattering in cloudy areas. Deep learning models can Traditional Variational Methods
emulate these processes with improved efficiency, while neural networks
enable trivial automatic differentiation for Jacobian calculations.
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* Accuracy: BILSTM-Attention achieves STD <0.03 K and bias £0.005 K, vastly : ‘O.peratlonal Slmpllﬁcatlon: . & & I
outperforming MLP (6 K errors). Typhoon prediction errors <0.4 K. Eliminates observat}on operato?s and automat}cally handles /2 B
 Efficiency: GPU acceleration: 0.1s forward computation (68x speedup), 2.53s Jacobian clqud detection, bias correction, and multi-source data | et iy B
calculation (17x speedup vs RTTOV-SCATT). fusion. Pl
* Jacobians: Physical constraint fine-tuning eliminates humidity oscillations, accurately b
captures temperature/water vapor/hydrometeor sensitivities for data assimilation. The end-to-end assimilation system FuXi Weather directly assimilates passive microwave
. observations from three polar-orbiting satellites (FY-3E, Metop-C, NOAA-20) and
w GNSS radio occultation data, achieves global forecast accuracy comparable to ECMWF
HRES. It outperforms ECMWF HRES beyond day | in observation-sparse regions such as
T Central Africa, extending skillful forecast lead times by 0.25-1 days for multiple
f atmospheric variables while using considerably fewer observations.
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AI-En4DVar System i

Machine learning weather forecasting models achieve comparable accuracy to R Wi Y PO SN o

traditional systems but still depend on conventional data assimilation for initial I N R R IO R R T D
L. . . . . Lead Time (Days) Lead Time (Days) Lead Time (Days) i o /_-//

COI]dlthIlS. Therefore, customlzed data aSSlmllatIOI’l SyStemS are urgently —— FuXi Weather = FuXi Weather against FuXi Weather-fc0 ~ —— HRES against HRES-fc0 R

needed for ML models to enable independent operation and improve analysis

field quality.
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