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Abstract: Extreme weather events have an im act on economic and social development.

The extreme weather events often result from super sed influence of multi-factor and multi-
reme weather events embody the unity
of weather and climate. This pa Ities and challenges of extreme weather
event prediction from the persp | relationship between weather and climate,
and also discusses the oppertunitie e weather forecasting which are gained from the

ifitegration MogdelS, gMmulti-loop coupling assimilation and ensemble
% ilation pi@bability prediction technology based on deep learning
We integration of weather and climate disciplines and the

and climate integrated forecasting operation system is pointed out.

ather and climate integration, extreme weather event, multi-loop coupling, climate

state probab ibution, deep learning and Al
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a.1: Initialization shock
in coupling submodules

a.2: Uncertain initialization
due to lack of observation
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Fig. 4 Sources of errors affecting the accuracy of numerical weather prediction
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WRBE— DA R R, . IKSESSFLZBBENER, RuEsE
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W R AR BRI, JUIH RS i 2 P S R I R 5 B AR R S I
Wik AE 1, I RIEER K. Flin, ECMWF ) “4ERhIR RS FL RS
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G T4k 24t (Ensemble Prediction System) i #5304 46 4% 1F B AN [A] B A5 7Y
SR EAF TR G R, MR BRSSP gertt. WRES
TR ) RS 1 R 5T &, 7B da AR A e kYR, BUA T REAR BRI B A
EAE AT ReEFREA, MIMHE R AR R R AT ZE S M. Hil2ERE IRk
MP 55 HLO Y EE S TR B B N 50~100 4, H R FIEE A Tl sl i3 M LA7E 55 B
BAEMERIE (Buizza et al, 2005) . NiEENm K@ HER, £E5
AR T E R ZEEYGmitshd R, BE& 2 ERG AR, #la,
ERHGT AR TR T, FEEEEEE . RS aE S, MimfE it
ARG R H R B BRI S MR RE . SR EIB T A DA rE R E E
FEFHE KD (National Oceanic and Atmospheric Administration, NOAA)

B “HER RGN EES” (Environmental Satellite Processing Center,

ESPC) 38|22, HoRA “BENIELMIR LS  (stochasticallyNperturbed
parameterization tendencies) F{AR, TEMEHEAIA[EHTHE SR
S TR JETETRIZCR (Shin et al, 2021) o M5/ L
1+ %] (Coupled Model Intercomparison Project, CMIP6) &k ,
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HA R AL 542 TIRAT AT R, 78 25 2 oINPT 1) P R4
%ﬁwmﬁwomm,%EM§M%%uw1% Y A tics and Space
MMMmmﬂm,M%)“ﬂﬁ%%ﬁ%%ﬁ%1§}:ﬁ R4 TR

hte,

(Geostationary Operational Environmental Satg@l GEOS) HEZE, H4E
B R/REZYEW (EnKF) ARG VLG B IRE LG 1k, FRRAE RIS 2
Hh B B 1R R 22 B T 22 I it 2 TR R
P[RR BT LA NAO Fit) J i 4 35 5
2023) .

ZE EMAFLEESD WTE E A R HEEUE AL TR R g ) 2E
7, HKEBHEIHMNRIE PRI 8 T BT . (H 2 [ E R AR AL
5 W2 5 22 DA A PR T R S VR, AR . R 2 )
(deep learning) ar¥ificial intelligence, Al) FiARHIMNHH,
54 Transfor . RIS Diffusion A, WAIRESEIX—
TR

BN A AN E AR IS IR . X Fh
e Senan et al, 2024: Abid et al,

AN AT PR B (1 R Tl

M3 o R AL 2 R SRSl AR T AR AT TR PR AN B S R R
o, AR  JE T L e B HUE A, s I HE 1 2 B R 1]

1, CLRRIH 2 B 01 AR A Tl R IS /b Pl 45 SR AN o 1, (HL B 55 TR
IF R IE RS, Tl 4s Rt R et — DN E R RS M. HNEERZE, B
R, SRR G AL AT 2 f G Tkl i, AL SR i EE RS
TR NG FEEC M TH B AR . ISR, UREESE IR AT HRM ) A TR %R
S . SRS TUNIAR LY, XA ) TRk A SR O B PR AR . B T IR 52 2
IR [RIA T A R B 1 4 ) B AR A5 N B8 77 o

FH R4 1 S5 O Rl A W A e SR RIS R R, AT R GRS IR
FRAAARNERE, REZIKEE UM SRS R PR R R BEEER. fl, ALk
XTPLM 2% (Generative Adversarial Network, GAN) WJZE i BH ELSZIEE S R,
MR TR U6 26 A 2 P R 4E (Ravuri and Vinyals, 2020; Ravuri et
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al, 2021) . A AT HIREE A M2 (Deep Neural Network, DNN)
BACHEA AL AR, B2 W B O I H B HE W R SR A R 3R R A0 8L Y
(Bonavita et al, 2021) . BEADMER TR B 78 %0 AL 5 4500 5 4 09 R SRR
BHMER A, MAER—FE g R, £E6 4 RE AT CLF] FHBE LA N 2%
(4 MC Dropout) EYA:RAEAY (4 GAN. VAE) , %78 35 SR 1 2 FEAL TR
&, FEAUAHENM (Abbasi et al, 2020) ; BT 4 FH M, HHAK
MHHICZ N % (ConvLSTM) Al Transformer 7Y FEFEHE RS B3 1B 2 4H = M,
T HR T+ AR i S I T2 (Garg et al, 2022) ; b4k, K EAWHEE X
LR ERNRL, AT DAk &5 R A S B (Gulian et al, 2019) .
ECMWF & T 25 TR 2 I FIMER Tk R4, @ik IlZk DN AE 2 M IaEHs),
B PR S PR TH R A, AR RHES EnKF A48T (Hatfield et al,
2021) o BRI MetNet-3 {8 ] Transformer FHAR A A 24 /N [ 7KNE) 2 0] AR
rAn,  ATLASE] 1 km S HEER R WU S R IR TR G
(Sgnderby et al, 2020)
Hh [ B 27 Bt KA B 7T i = AR AT A AR IR R
B AL R B AR TRk (Generative Assimila
ﬁﬂ,%iﬂﬁﬁﬁﬁgﬁﬁﬁﬁ%ﬁT%EEE

S il ZRERA
R R S 56 0 AT I 28 ORI IR RS Al T (] G i B A RO Y
BB (diffusion model) , MAMEFAIHTE ! UL EE e S
SAED AT, Z B IINE B 5 S B S M, [E—
AL ﬁ%%%iiﬁ@%%ﬁﬁﬁﬂﬁﬁ“ g’ﬁ%ﬁi?&?ﬁﬁ (Chto et al, 2025) o

b)

A R 2 ) i KA RE T R T IRE RN IR T i s i) R PR
RE 1% 5 HE R Hh 221 52 2% B R 22 25 A A

Inpainting

/ Observation \
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VEiT %@*@%%Tf%ﬂ}iﬂﬂlj%ﬁ)\ (inpainting) A, EITHE X
P I ) e A A H b AR B o A O e A, RIbRiE s A &
R YIZRAR B 1) et S R DA S 36 o AT A6 D9 B AR UARAZ R 0 A s 2 S T vy
AR AR O R O I R AT B R, LIRS H b AR R 2 AR A A T

Kl 5 R R S8 56 40 A Al S AR IR A TH AR R B B (Chao et al,
2025)
Fig. 5 Schematic illustration of prior distribution construction
and instantaneous state estimation techniques in weather and climate
(cited from Chao et al, 2025)
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