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Chen L, Zhong X, Zhang F, et al. FuXi: A cascade machine learning forecasting system for 15-day global weather forecast[J]. npj climate and atmospheric science , 2023, 6(1): 190.
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Fig. 6: Schematic diagram of the structures of the FuXi-ENS model.
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Hurricane FLORENCE forecasts

) Forecast from 5 days carlier
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Supplementary Figure 10: Tropical cyclone (TC) track forecasts by FuXi-
ENS (first and third rows) and ECMWF ensemble (second and fourth rows)
for Hurricane Florence initialized at 00 UTC on various dates: 9 days (first col-
umn), 7 days (second column), 5 days (third column), 3 days (fourth column),
and 1 day (fifth column). Blue and red lines are the predicted tracks by differ-
ent members from FuXi-ENS or ECMWF ensemble and the International Best
Track Archive for Climate Stewardship (IBTrACS) tracks, respectively. Blue
and red dots represent the predicted and observed TC center at valid time.
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Supplementary Figure 12: Example diagrams of the 70% and 80% proba-
bility ellipse for Hurricane Walaka (2018). The black line is the ensemble mean
track, the stars are the observed best track positions, colored dots are the track
positions predicted by each ensemble member, and the black dots are the cen-
ter of each probability ellipse.
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Weather forecasts
predictability comes from initial
atmospheric conditions

Sub-seasonal forecasts
predictability comes from monitoring the
Madden-Julian Oscillation, land surface
data, and other sources

Seasonal forecasts
excellent predictability comes primarily from

sea-surface temperature data

accuracy dependent on ENSO state
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* Christopher et al., 2017
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Chen L, Zhong X, Li H, et al. A machine learning model that outperforms conventional global subseasonal forecast models[J]. Nature Communications , 2024, 15(1): 6425.
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Chen L, Zhong X, Li H, et al. A machine learning model that outperforms conventional global subseasonal forecast models[J]. Nature Communications , 2024, 15(1): 6425.



FuXi-S2S( f Kph Az W3 e

Z L 14

NRAKkKOAI er Uz s~ AVL8 ET -ET =24 ynNAY y

China Meteorological Administration

H

BN AR E ATIE W [5EN BERS LA SHRRS

SEIfIE: BN > RERILEK

SRELEFRHE REALEESIKREFT—FTIHNARE “ KIGKE”

AfnfdiE]: 2024%07H03H FR: PESHEKAL [Fih: K & /] = FTENAR DE: a

ERAR. TRES. fEWHA.... FHASM, SREENST, WRERSKRJMINL, BEEALHENY, FIBRFENRTRER
TRERRFEETIIR. 6R18H, FESKAAMALEREERAZTT —FETINARERZA RN (BUFEFR KR AERE) .

E{EI%’%@%B\E*?EEJ’C%#DJ:‘EH%Eﬁﬁﬁﬁﬁlﬁ PARRRE “RIR AREZ BRIERNIE N ET ALEESELMAZET—FHERSR
FEMNNARERSL, HEFEMSIATESHEEERNETRIKBNSRSIERERRAR, EBINECREOREREARRMFRIZN
ol .

v 2024 f "z o NH Fbed N 7 T



2ERKBEFESRSHE
2024468 16H-7828

ECHQ =3p3a FuXi-S2SH'Q =

(a) ECMWF

(b) Feﬂgshun

50°N 1

30°N A

20°N A

30°N 4

20°N A

([ 15-312 )

70°E

70°E 90°E 110°E

(b) Feﬂgshun

”n

30°N

20°N

(Y] 1~17 2 )

T0°E 90°E 110°E

ECH Q

= D KO 20

BER6302019) 17868
LR 129 000 000

2024407509H-188

@ QK*EfFﬁﬁslﬁm

Fuxi-S2SHQ =

(a) ECMWF (b) Fengshun
N e - 200
~ YA )
£.(Y| 8~17
- 50
40°N 40°N L 20
ro
30°N 4 30°N +-20
- -50
20°N 20°N -80
. - = 100
70°E T0°E 90°E 110°E 130°E
(a) ECMWF (b) Feﬂgshun
n 14
_ 2 ) - 200
£.(Y| 1~10
50
40°N 40°N L 20
ro
30°N 30°N 1 v b -20
- -50
20°N 20°N 4 7 -80
. - = 100
70°E T0°E 90°E 110°E 130°E




e N




: STATE INDEPENDENT
i PREPARATIONS

LEGEND
OBSERVATIONS

 ESTIMATED PARAMETERS
DEPARTURES/FLAGS (FG)
DEPARTURES/FLAGS {AN)
SUPPORT DATA
MODEL FIELDS

HIGH LEVEL TASK

Pre selection of IR and MW
RAD data

COPE creation of
conventional ODB-2

Pre selection andjthinningfof

GEO RAD data

Spatial averaging of MW RAD
data

|

\

Application of MW RAD
antenna pattern corrections

COPE Tasks related to pre

Remove duplicates and data

COPE Tasks related to pre

missing key information treatment of CONV data .....
Creation of satellite COPE Tasks related to pre
observation ODB-1 treatment of CONV data .....

Creation of conventional
observation ODB-1

H
1
treatment of CONV data ..... i
H

S —
— BUFR TABLES

S —
“—— | ODB GOVERNANCE

T [ wonmneruss |

ECMWEF IFS DOCUMENTATIONT Cy48rl

(v ] —

LEGEND
OBSERVATIONS

* ESTIMATED PARAMETERS
DEPARTURES/FLAGS (FG)
DEPARTURES/FLAGS (AN)
SUPPORT DATA
MODEL FIELDS

HIGH LEVEL TASK

| E
\V

Convert SCAT backscatter to
surface winds

Group observations for
efficient processing

Compute and set observation
errors for satellite data

ICIoud parameter estimation I
3

Surface emissivity estimation
for MW radiance data

Prepare sink variables
(cloud and skin temperature)

Surface skin temperature
estimation for SAT data

Convert windspeed and
direction to u and v for SATOB

Q)

CMOD COEFFS

VARBC DATA

EMISS ATLAS DATA

OBS ERROR DATA

SUPPORT DATA



Variational DA FUXi-DA
g
o3
RN o
PR .
| | 2o
85| | N i3
| 8 3 |B
8 8 - | |s
' T
Zalii}: S 1
S < Network 2 ’g
35 | 4 s il
Il || 8 Iterative B |
2 g Minimisation Hﬁ%g
£ E Algorithm < g iR
; X < Inference
@ gé Training
= §
m — | —
= 666
=7 B
e4Wy = fsP[  tlex Tv = wa

N =sPeg3 U1 =3
i WE e/d MwpdHAI wz p3oc 1 d3U

"AA 0T f[=t1 dp-e8v HazU T

Xu X, Sun X, Han W, et al. Fuxi  -da: A generalized deep learning data assimilation
framework for assimilating satellite observations[J]. npj Climate and Atmospheric
Science, 2025, 8(1): 156.

av tWECOH-20WXKTQ

X 4
(em) I kme
0.45~0.49 0.47 1
TORF 55075 0.65 05 LW
0.75~0.90 0.83 1
1371-1.386 137 2 R
1.58~1.64 1.61 2 Wy
2.1~2.35 2.22 2 1wy
35~40  3.75(High) 2
X
3540  3.75(Low) 4
5.8-6.7 6.25 4 w
6.75~7.15 6.95 4 w
7.24~7.60 7.42 4 W
8.3-8.8 8.55 4 w
10.3-11.3 10.8 4
11.5~12.5 12.0 4
13.0~13.6 133 4 w

a p'H 1 [-1H,+1H]



