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Al ﬁﬁﬁbﬁ%ﬁ%ﬁ——ﬁﬁ&ﬁﬁﬁ%’rﬁ)\ﬁ%ﬁi
FEEESE O FHE T MR BRSO BERE JRES T ZEEE
SERER D ARAE
L SR e R B g L
B PR RRE
(FFERE] 114 4 10 A 21 Hlis » FEERE 115 4 5 H 6 HER)

S

2023 4F Google DeepMind -2 GraphCast &A1 F [E[ 1AL 4ERE AR A Al SRS TH
fEi0 (Artificial Intelligence Weather Prediction, AIWP ) » E-TEIERERE(E 90% T &8 [
FERREION S SR TH R O 2 (B4R BB A - SRR TR T 0% - ASCHHEAT 3 48 Al
Rl |9 7 PR AERE S B 1T A SR MEAR ST o A9 (B IRs T RUFE B/ 2 Ay R J 1T
ATWP Z3HEZR » o 25 BB PR (0-6 /INIF ) ~ FrHFHER (1-10 K ) RRERET £ 226 (Sub-
seasonal to Seasonal, S2S) THERZFHIME » Z &M [OlRA H i B 5 1Y 220 R G 24408 2 Rl

#E - ITPRET Aurora Bil GenCast ST Y Z % (o] 23 F AL B Y Do IR (AR PR AT - APk Bk PR
=iy S28 < > FuXi-S28 1A # 7 55HH BE HHEE) )T 2% » 1’ Madden-Julian Oscillation,

(MJO) AROHRFBUER 2 36 K - G AIWP KNEZRHIFT7347% (Mean Squared
Error, MSE) 185K pHE iRk = PIHEESFIREYR - 35 i A TR 0B b R R B S &t
{EAd (ANEVAT RETRIE RS 20-50%  filml /K im 22 35% ) ¢ (Rt - BEEVIERHHI 2R G
R LRI Y AR T 1) - ST EERRAESE - AR EERAL " DI st
R RELE ~ AR ERCIERGT Aoty o SR - (B B S i B ZE &I HE T &R EI
JEE AT R I RURE Rt - PR e SR e
BISET - ALEBRATEH - FEEY - REHEH - BmRR - FERERM

EEES © #EEEE (hiaubi@simenvi.com.tw )
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s
g
“hh

B AR - N KRR S Y TH
BRI - (e U ESR R 2 &
Ban R - s E L AR RS T e
e BT, - R THEAE Bfq—IH
SR SR I B A R A TR 2 i -
SO AG  ER AN B P T
B EAYEUERSATEE (Numerical Weather
Prediction, NWP ) » F5#EE i R HE A
FABER SRAE ISR 22 H5% (Bauer et al.,
2015 ) 5 th—THERF SRR S B - 3
B O EERRGAEE L ERTE -
ZRIM » 2023 FFHZF > Al RETHE
( Artificial Intelligence Weather Prediction,
ATWP) Blkfi T 4R S - FokEan e
%% - NVIDIA &5/ T FourCastNet Z.4%
(Pathak etal., 2022 ) » [E{%&#E f ( Huawei )
4% Pangu-Weathert RS H[HY (Nature)
HATI (Bietal., 2023 ) > Google DeepMind Hf
%5 HJ GraphCas 58U H7 5 < [6] KF 38 22 e
(Science) HAF| (Lametal.,2023) > iZLt
BHZERCRAEAE EOE T R THRA R i
HE o MY NWP E KR 78
SH LA BEAR SRS - ATWP SR ERIEEE)
(data-driven ) J77% » HHAERE L HHTE
B EEE R R A H S - TSR
HUR 0 0% Al B0 FHECERRE R T EE

2 FHATTUH

& 2B EL THISTH R 2 &Y /KR - [El
EERERITETE - BE—EP R
( Graphics Processing Unit, GPU) AJF 8
TN SERC TR EERTEER - MHEEZ T 0 &
W7 AR B T I8 PR B A U N A
REZERVAH[EI{ERS (Lang etal., 2024) -
IHE — 5 il ARV R A 2 (R SR AL E
F © ECMWF Jit 2024 FIEZEF AT TH# %
47t ( Al Integrated Forecasting System, AIFS )
A HERRERIE - B HAYSR & THE
2%t (Integrated Forecasting System, IFS )
A {T#E{E (Langetal., 2024 ) & 2025 4 >
FEEIE 7R RAEE (National Oce-

anic and Atmospheric Administration,

NOAA) TEBUHEA GraphCast 22
Al £FRTEH 2% (Al Global Forecast Sys-
tem, AIGFS ; NWS, 2025 ) - {ER&EES K TE
b ATFS HyER A= HH IFS #Y 85%
(ECMWF, 2025) > Tfij Beryl #i Helene i
JRVE (i ZEEH] GraphCast H A5 B 1FESERY
THE#AMAE (Sudharsan etal., 2025 ) » 35 EL ]
FAREAL A » RS ATHMAIIE " 1%
FREREEEI T H |, B E T EILEE AR
Z HARE -
HEZEME  ERNREREAR
TR 2B VBB - EEH R ILCE
FERGE RS B4 MILURIEEE
AR R SRR AR AR B R e A
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RETHBROEEG Y " RAEMNRS | 12
2" REEREEE | 2 AR - AIWP
S U FRE T B RTHE TR ME 16 0] 1R
e F AR ROVAERTEFE - 7801
RASEMEIEN © EE R IF R A B
HRE G T Bl ©

HENIE » AT B Rl 8 R 2
TEEFZ] > $13 ATWP BRI R ERETT 240
PERY A1 A2 A% Cadm A 7 oy = (Bl g T -
B BN P RIESR - RIBTHER
IS ] R B SR A B (i B &0 AL
R SOt S R TR
MaLLEE T - RS EE S — U R M
I (41 GraphCast ~ Pangu-Weather ~ AIFS)
B AR A = 2 4e( 4T Awrora GenCast )
Z A B Es o ST FuXi-S28
PRI ZER R R B TH R < (H4R R T - B
% SRE RIS ATWP 7228 LEYEE — 3
M EZ A EIR - A G 28R E
FEMI BLR G BRER K - IRIVIE A 172
FEST RIS Ak - ARy — TR BT -
HIgE M BN L M I AHFE AN & ~ £ TR
e B R BRI SR B R Bl R ] R R E
fir - MR = E RS TH R F SR AR (7
] o
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= Al RETREIEEL L 28

& GraphCast * Pangu-Weather ZZEH
PEREAAR R TR - B2l S RESE SR
R 1 PR S 2 WV E A i ik =
SEEEERE o RyBhER LIFE (FealElF
ETHERE ) BB T IE TR S KA e 25
BT E  AEETT—EBENR » #&
= A RS SR AG EAE A 3 - DUENL &
Al 58> A= BEfr (niche) @ F—{EHALE
TR ATWP (A4 TR O I
BVERERETT © B A T U
ARy ZEr T T THERE RIRR | e X
Z 61 2 ZF ( Sub-seasonal to Seasonal,
S2S ) S s & = AR A AR ROy R S S
& PR AR LR G BN F RS -
(—) THESRE 2 R 2= s

BEF7H#ER (nowcasting » 0-6 /NEF) &
Al SRS E ] Bty 3 g b i R At i Ry ik
PR SRS, o M ELT NWP 2R ERE
2 & f}E{E (data assimilation ) B = #]4A
BXE) (spin-up ) 2872 » Al EIUGEE Y 7
REHREVER - B R R B 2
Ele - FHATFRIRG 2 KRR - 1F
Feffoetgim - BRI ESBRAGE
THZLAERES ( Convolutional Neural Networks,
CNN) /7K B ( Senderby et al.,
2020 )» Hig 5 | AAERCE DiAEES ( Generative
Adversarial Networks, GAN ) HI[f5 %z 1178



33 KSR

HefFER LR (Ravuri et al, 2021) = 3584
TR 2 15 AR R g R R S 2R 5 T TRl
RG> HIbEE S| E R e ER
7R BRI AR KSR SRR AR =
VI HIH B A SR MBS TR A ZE » I
— IS L BR AR &P B ATE. (physics-
informed ) 7 B -

EATEE (1-10 X) ERZTHEEAZ
O~ TR Ry iR FFfEEEE - 2
AT Al Flaser 2 B - BB RERE)
1y Al AT EREEE SR G S Y = e —
—ECMWF 7 T A&7 ED UG 2
[F - B SR B ER SUE R BT EEA ST
I - Horft» GraphCast JE i —fd a4 Al
RIERZE (L NWP 5 2 4R RS %
0 R TG 2 JE 4G (icosahedral
multi-resolution mesh ) V)M ERFE ] » 1
[ S 4Ers (GNN) (B2 7 BiBbEgEEE )
IR REIEGIEA (long-range inter-
actions ) = GraphCast E:jA 1979-2017
ERAS5 Fi43 7&K ECMWE Reanalysis v5)
FISRAT4E DR  AE 1,380 {EERsE e
i 90%HE B ECMWF 7 = fdgtf e
V8 % % % ( High RESolution forecast,
HRES) (Lam etal., 2023 ) - 2R > BETEER
IRFE £ » GraphCast TH ¥z HH R PR B 2R
25 Sl ARV g TR A
HE - I —PRHEDE I SRERHE e

2 FHATTUH

HYERF R SRR - DL ARAIZR R Y a2 A4S
e AR -

Pangu-Weather HIJERF = 43t BK 5 H]
Transformer 22k ( 3D Earth-specific Trans-
former ) » JKFA [EBE ) J@ Y R SRUIRREEE & Ky
—HETLTRGAETE - R DGR/ FELEE E
w8 AL o 5B AR R SRR

( hierarchical temporal aggregation ) |4 %%
{EEEFEAEAL - SEBRAUT I & 1 F SR A [E]
THERAERS (1 /]NEF ~ 3 /N ~ 6 /NEE Rz 24 /)N
iS5 Bietal., 2023 ) - Pangu-Weather £751L
AP RENT RIETHER R TR R - RIS THE
IR 2 8-19% » ZAIMIRE TR A 23R
15-20% 7 Z 4 MEAEA

GEESN AR S e i N a1
ECMWF Fhf#s 2 AIFS AR IHBERLE
ZAESEALHLED - ECMWF fazat#I4GRRs
ATFS TEALFy TFS ZIRfERE A B A ik
% MIEm ¥ F(Langetal., 2024 )» AIFS
$%FH GNN £ Transformer $5& 224 » B
7Y TIPS JRA 48 A - 25 0m =P ELEI SRR
s e O A A B2 DR SR B B AR (R
EAIER R K - WAL - HAERES
JEEER R R i i B R R TR AE /) © AIFS BB
72 IFS SEpERHE LRI B #)20 THER - 6
B 90 s ; AR EEN EA 50 [
FERE - AN THE R REREAEE
ME4534f (Mahesh et al. 2025) e
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FourCastNet( FCN ) {f T 2%t FHIE
PREB L HAERRCR - sz BRI B e
ETTEEHLCE T (Adaptive Fourier Neural
Operator, AFNO ) » HAZ OB AE TR &
Ty JTRE K s S B2 B B e R
o AR BB R E B 1Y
ON?)[E 2 O(N log N) - T B[ fF i HL
WA THEE ARSI « AR e
FCN A[jA 2 PP NSER— B 2Bk THE - HE

PRI EA NWP HRET 4.5 B % gEIEUMFE
{# £ IFS 22 1/12000 ( Pathak et al., 2022 ) -
PRI » FCN Fetiiimfa 7K (R
it 35% » {SAdiE RE R M A Y B B
It — R G ] R B L B SR RRCRIMAE

RN B B R T T A P2 T tH e -
(=) AR

Al RETHERBL M 77 H RA PR A [
2 EHERS 4 o Microsoft #EHHY Aurora T
VE ks T ESRERIAY | (Foundation Model ) 1%
FHf] o Aurora & 2025 4 5 HERR
Nature i §fJ5{L. (Bodnar et al., 2025) » {&
B RGBS AL DR - ez 2
ERERFERE (KR JKIE) H#ET
RIFETHRN SR VR m AR ST
AT - WHEATABFIAAR
EFEBLKERIRT YR L - RS I
HIE7ET% (Bodnar etal., 2025) - EHVFlT

AT BUNME SRR G A Gl

-

Fisl=es

ZIN 34

B [E et B BRI B -
IREREHEIEN: - 1SR IEEC 2 & i R
M7 P PR BSCR E Fes B TRORIA A£7%5 > Bl
{(EAE ERRER SR (ADEKTEM) - AEZE

BIGERE R G HETHHRETS - ECMWF
CURFH THERAE SR ATEZE B R H S F Rydh
# ML A7 — -

GenCast RIZEEFEAT f A plo AR 0K

ZEH © BRI R AR AR - S5 T
EEERIR BB IR LT > AR 5

H#atietE B2 SesEts31n (Price et
al., 2024 ) - GenCast N ffiEFBL AL HE AR ik
A E 4 L A & Y TH RS
5 REKOBRCENEREN - ARE
fei (L TH R RS Bl Tl K
o PR (R LR A (B T
> (B35 (Price et al., 2025) o
TEM A8 EBH (REFET B RERE I
MREE » RERFEVHOMREZ SR
MrEER o [EIRE R R IR B S
siH” £ HATHEIRE F 20K E BRE
S (SST) SEHFEE AN ER A
LU ZEAHRS (Madden-Julian Oscillation,
MIO ) FTisids i g 22 i Z0E - o 48 7 AH
B o (RIS (ETHERIF i > B B Al s
VG » TREELURFE RIS HER » NWP (Y
THH R TS 28 2 T 8%, (Vitart and
Robertson, 2018) « 55 " AITHERE /DI |
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RIARAR Ry BTy FHER I = AT
ey 5 A > BERHI IR T BB 28R  FuXi-
S28 HIRIH T 3K BB R A R AT
B B A HEIGRFZIRY SST SFH (F
R 5saIH - HRER MIO HITHERTT |
HR > eI s L (latent fea-
tures ) 15 [ At HE EE) (flow-depend-
ent perturbation scheme ) » KIEEE HETH
SR SRA SRRV AICRE T (Li et al.,
2024) o ARG EHETEEN 77k > FuXi-
S28 BRI B I E SRS
e EMHRA R R ENSERE - (M E R E M
WA E MERYB R B - BT AE
MIO FHER T Ry 28t © A SRR e
LR Z 20-30 KAMEAE(H £ 36 K- I
FER T AR 42 K - DL 2022 FFEEHAT
KRB $HEHERTE 2 Wb EER
{#48 ECMWF 828 R B & (K Ak R 58
F& - fEEEDIE =70 2 — M T FuXi-
S2S THMIZ ZFEFEr B (HZE+3.8 e
7= BUECHIE (+4.0 I ) S EY)&
HZER o AERE (B =2 0.82 > IETHR
BRI RS2SR -
(2) ZEREEEHRK

FERE R PRI Z TEAL 1R - TR0
Y TREEHET )RR SUE ATWP 2RSS
DR - BB STERIBEE) 2 ln it
T B L 2 HERESCR BB Z (B, - {HAE

2 FHATTUH

i = VIR EN A% O AR IE T - Bl
[0 2 (U INeR 72 5 15 288 (Ol i A N B 2
FEICKR (Arcomano et al., 2020 ; Kochkov et
al., 2024 ) o K= KA AL BB & TR
ZEf o A BLYIERSI . TRAES

(Hybrid ) | iR FRATEH#EZ AR 5 iR %S
GHYHIRE - Ty RAFSENAT ~ AR S
RESHE=J7MH -

ECMWF 7 AIFS ({F&—THEHI1T
AR B - AT > ATFS f£75 5-10
Ty R ]EE HAE R - AR R B AR
THR 2 FHAY 90 78 5 THENG M 8
RE DR A B B S R B PR R R TH
- ARSI R R FTREME « ATFS
IFS T3 Hll#73 08 " RERBAE B TR
ZAE > HRRNE  EWERGTHES
{RHBRL I IE » B ATfgss N T A i -
TR 2 AL Ry BAS TR (E(E (Lang et
al., 2024 ) - Neural GCM HI| 2 {F A1 4015 g
T SE U B & SR - NeuralGCM HYE) /]
2R SR EE TT AR S T2
BARSFINEE - MREETERAZ Y S
BALEERH AL 255 BERGE
Bt 2 7807 a4k (end-to-end differ-
entiable training ) » BEFIH Al 2 =53 3eEd
ST OB YA AR A AT R
T 7 RIFRG RS R (Kochkov etal.,

2024) -
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AR EREGR KT EE =R E
JETR— e EK AIWP A5 — T SR EH
A RE A TS AT R RUEE R » fee RS
KITTERPERFCT AT B4 EE
FE Ryt e RUEE BE e RUSE - A1 AL L
a5 Af% » ATAERT R S St e TR
A IR A R ST R TTE - £
HEAE R BN RS 4 e IR B
& o DB EFERBIZZ ROt LLARZE B
S A 25 X BT 2 e BRIE AR
DR RIS (O - SRR 2P 58
B E BRI A A S e - HEZE
BT S R R RS RO 28R A E 8
THERAVE M - IR RZ L NVIDIA &
{ERA%E ~ CorrDiff BARIERAE A Al 1
[t EIs A R o CorrDiff FEAYER F i P
Lagat  HiZLM ek " BEEBE

(Residual Corrective ) TREE @ FE—FEELF]
F UNet ZEREETTAH ~ dfEAT S < Y
L o 55 PR R RIS I ASRBUE A DUAE
R & YR & AT R Bz /I RO 4

(Mardani et al., 2025 ) - = faEkf e MEL S
FARABIENE S » FEFRREEE IR R
R SGHER - /e EE 2R/
RIEEEE 22023 FF 25 a R ZE BITR AL A T
Ensg © 4% CorrDiff [ R JE% » gz AJE
B BRI ER I 50% > SRR PR BT

[ElEIN 36

RIS YIS - R A He
HRAG ST -

= ~ TR TR B E R AT

Rt = e e VR A S AT A 2R B
ZEENE - S EE U EAE
PR TIEFRI  BME— A2
s P RBE R Rt AR
IR F 3R B T R ER o B AT AR R (2
{F: - Aral " YESE AT (operational feasi-
bility ) B R—IHZEE 2 7G55 WmE
THIR < FRERBEN: - M RE HH 2 e
REST ~ BB TR B AR » DAIK
Hp R HE—T R B2 EE - B
RRE B EE R TR E T
Hj -

Ry 15 2 1l Bt 5 BV i AR S T R
> ECMWF £REUEE 2 = IR EEE ok
2L B A BEIE N - BFgE (2023
10 H 2 2024 43 AR RERFEZ
TTHIERIA | - HAR ATFS 81 IFS [R5 8 EE
RNEINEAT EHTHERE AR H EEE R E 252
et ATFS el KRS 2 e
M BREAEME L o BB A IR

(2024 F4 HE 6 A) 2 " AMREAH
[F/ DB R R R R B R B
AL > BRI 284 [E e R 5
AR P PR B B (3 R ] B = %% 2024 4F 7
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H » AIFS IE AR ABITTIEESE RS -
WETL 7 HATIEND - BEEF - ATWP Bl NWP
TRk e ZH FEE 53 T 0 ATFS S HIEEAY
B BEUE AR AU > W AR A
i1 TFS RIJAE4E St Y H R 2 58T
TR L G 2 TH#EAS %2 (Lang et al,
2024 ) 2025 45 7 H » AIFS ENS TEE#% A
{EZEIETT (ECMWEF, 2025 ) DUE s 24
FXRETS] » AR SR AL S B BN E M
THER - BT T R K SR B A
RBIT]REMEZE R AR ) - R R
T~ ERILHER - LEAREEHN > WE
ZIRSLERT T T THERAVER M - AR
ShEE(E(E (Lang et al., 2024 ) -

B NOAA LB RITE L8 T etk
&%k , (localized training ) =~ BEEEM: « HhIR
Firasiiy T AR L o I PR Iy J T
N4k > e e A (b (agency-specific )
SAEE ARSI ——FF Al HAEE
NOAA H B ry&E B M ELIEE AR -
NOAA T2 2025 £ 12 H 341k 555 S iRl

( Service Change Notice 25-89) » [FE
AIGFS v1.0 A NERIFEE (NWS,2025) -
RyeARTHER SELA RS T AL Ba T 25
& > NOAA FRHUEE ~ (5 (TN RS -
AIGFS Ju/2#5% Google ELjjY ERAS Fl|%K
YRR = BT (50 ) NOAA HAHY2ER
ZRHE L 2245 ( Global Data Assimilation

2 FHATTUH

System, GDAS ) ERPAETTEHHISR 5 A1
MEfE B ERFEE Z WA EATHE
[ > SEHECR Al fHEAVERA YA
THESHSET R E 2 —BE: - 1D
¥ w7 (Tabas, 2024) - fER2FF F > &
GeSERE T B TEE -
B B &EERE D (Public Information
Statement, PNS ) E&> #eE A » 16 e HH#
LG GFS Z iy gsg s (NWS,
2024 ) ANLFETE H A2 BiE R - BUR
TEEAL RS AT SR B m] B 2 e
j{ °

KB EREF R LA 280 1E
HH E R R ARG A R B A
EEYERIR ? 20 RETHR e
ZORE N Z Bt - REBTHERE
F =5 B AR AR RS BRI 5 [ B /N
B RRIRAERE ST o (RS THER T >
AIFS Z 120 /NRFFHRER I B R ALY 250
km - {EAELE IFS 22 300 km DL E » 5
BRI A IE AU H 2 B a8 R
72 o I ZE /N S I #82, » Sudharsan
etal. (2025) #5H » BIME{EH BARLEAEH
{EfER 2 GraphCast FAEIFEHC GFS %46
%5 » 1£ Beryl ¥4 Helene JJE\({EZE » H 5
RESTSER AT HWRFx P77 Tk
D& 30-40% © [EA) - ATFS 75 o R H R
R TEER( 40 2025 UM B LRI BV
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Date 20251106 12 UTC @ECMWF
Individual trajectories for FUNG-WONG during the next 240 hours
tracks in selid: ars AURD PGUW DMGC IFS

[reported minimum central pressure (hPa)994]
120°E 140°E
=g

3" - ."tx
- R
@"jl : *

[ElEIN 38

10m Wind Speed (kt)

Mean Sea Level Pressure in Trepical Cyclone Centre (hPa)

10104

10001

9904

List of ensemble members numbers forecast Tropical Cyclone
Intensity category in colours:

[up to 33] TS [34-63] HR1 [64-82] HR2 [83-95] HR3 [> 95 kt]

980+

9701

9601

1:2025 4 11 H 6 H 12UTC R#46% 2 JBUE (FUNG-WONG ) e EFHEIESAS ~ 10 SKJE

2R K2 HRUCMR

SRR > 2% AT RAUBLEAE TFS (BE4R) ZEERE -

HrpffE ECMWE B175%

fY AIFS (J3EE4R ) » NVIDIA HY FourCastNet ( SENO » ##4% ) » Microsoft Aurora ( AURO >

R4 ) FE R EERY Pangu-Weatherl PGUW » 4143 )° Google DeepMind Y GraphCast{ DMGC»

B F ZKJE - BLE ECMWF Tropical Cyclone Tracks - Machine Learning °

https://charts.ecmwf.int/products/cyclone?base time=202511060000&prod-

uct=tc_tracks ml forecast&zunique 1d=32W FUNG-WONG 2025 °

BX > $EAT 5 KH#R S 300 mm HYPRE )
JEEFR T T RSl K ERSRLZ BT - 24
> AHE S E TR Z B ER - Gt &
IR AL BRI 8 B REANET 4TS
FAEHRE 2 PP EIR - AIFS ££55 5 K2
ORBETHE P R4 10 hPa > &f? TFS

Z 4hPa - BURHTHEEE % #E (755 (Lang
etal., 2024 > Figure 9) -
AT F g i\ 22 (5] R A — 2 A g — £

AIWP S45E » DL 2025 48 11 H3EEERTT

Mg Z JBE (FUNG-WONG) fef&l F 1 -

ATFS ENS fr &4 5T 48 /NFHYFEERR]
H i E R E R B B )RR -
ECMWF E 48881 AIFS - GraphCast &i{#
&t IFS HIRE E IR e R E M = R B 1% 2 KA
FEICE S, - S E Al B R RERRTS
ZRe TR (& 1) - (B ZEFI 2R
Gt 5 AL AR R THER SRR
B (% 955 hPa) » {HEFE 7 JE 2 {5 S
FE e R ERR - AR A B R 0
( Joint Typhoon Warning Center, ITWC ) #
Az 60 m-s o RME TR R REERRR $ ) 3R
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Date 20251023 00 UTC @ECMWF

Individual trajectories for MELISSA during the next 240 hours
tracks in solid: airs AURO PGUW DMGC IFS

[reported minimum central pressure (hPa) 1003]

80°W 60°W 40°W 200W

FHATTUH

10m Wind Speed (kt)
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10°N 9390

%0
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30°N

20N Mean Sea Level Pressure in Trapical Cyclone Centre (hPa)

a0'w 200w

List of ensemble members numbers

forecast Tropical Cyclone
Intensity category in colours:

P! Y
[upto 33] TS [34-63] HR1 [64-82] HR2 [83-95] HR3 [> 95 kt]

N0 s mm
Oct

Toe28  Wed23  Thu30  FASL  Sal

2 [EE 1 B 2025 4 10 A 23 H 00 UTC K463 Melissa BREFHERELEL < (&

xR

Hl H ECMWF Tropical Cyclone Tracks -

Machine Learning °

https://charts.ecmwf.int/products/cyclone?base_time=202510220000&prod-

uct=tc_tracks ml forecast&unique id=13L. MELISSA 2025 o

5 HUR HAT ALESIERR = VIFRERR -
e B D AP R A [ 85 2 B L - 2025 4
10 H Melissa il e 7 i H1 T i BF gk e
“Zh 0 IERIAC R 2 TLARURRJEL ( H 00 SRR 892
hPa ~ A EEE 82 m-s™' ) BEZEFTATHEIE
T ARACH © T 48 /]NIRF Y EVERAE 33 m-
s BT E 58 mes! 2 HAIgsR (Rapid In-
tensification, RI) #81% » 26 FHTHBAIEE
HIEHRIE - (45 IFS HEAREETEE HoH sy
SERTERES - i Y FE AT VUSRI  JE Z2R( 55
m-s™ ) > Ry R (R Rl sR 5 AHEE
T o AT PSR B Ky jeg B (Al - E1FE AIFS
Bl GraphCast fEN 2 Tt AT FEZ > 1 RE

HAZ TN (B (4T 28 m-s™! > A-Poe 2l
PRI IE Sl (8 2) -
AUERIESRIE TR b2 IR 22 R
A ECFISR T BB 2 B o B
LA 5 RR 7 R RO BB 17 R BB A TR
PR R PHME - B IRSF Z
B os B EmaE SR 4 81D - HIUEH
SE L Z T FEPR ——LL ERAS F34fT
BRI H 25 o B SRR T EE A A AT
BT RUIE 2 ARG T PRER S 5 2 RIS
VISR SR AAE 10 RELU N Z RUE-
I PR s K s IR R )
] > SRS 2 R M S By
FERVE R DRI AR VAR S
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MU 0 W ERIEREN Y BRI E AR
hfEsER b aafE (Brenowitzetal., 2025 ) > [ff)
FEE RS F R I A U B A i e
FIRE - (HIEBEEEL PR - DEE
TE SRR - SR
F T FHATHE NS - thAh - i H AT AT
U T R = g SRR 5 B T S B - AR
el 2 SRR S AR IR A 208
THEATEER# (Sudharsan etal., 2025 ) - 4% |
Tl » BT ATWP {EHE & B8 DU S 4
HUAEN S -

JRELHTZE ECMWE Bl NOAA 225t
R EBEE - AU EIIARKIEE
o TEENE - AT s ReR - fE
HRIERBIE BB AR R ~ BRI BRI
i PARE R L RS 2 B 5505

FE & BB A - B ERETS I -
57 4 NWP B\ STHR S HIH
TR TR ERZR AT ~ SK BB AR IE
RRFEEZAZ O, R E )
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Abstract

In 2023, Google DeepMind's GraphCast model, which utilizes a Graph Neural Network
(GNN) architecture for Artificial Intelligence Weather Prediction (AIWP), demonstrated supe-
rior forecasting performance compared to traditional ECMWF numerical models. It surpassed
the European Centre for Medium-Range Weather Forecasts (ECMWF) standards across 90%
of verification variables, while reducing computational time by three orders of magnitude. This
study reviews the paradigm shift in meteorological forecasting driven by Al over the past three
years. We propose a classification framework for AIWP based on temporal scales and opera-
tional roles, covering nowcasting (0—6 h), medium-range forecasting (1-10 d), and sub-seasonal
to seasonal (S2S) prediction. The review traces the technical evolution from end-to-end models
to hybrid architectures, and examines how next-generation systems such as Aurora and GenCast
use foundation models and generative Al to overcome traditional constraints. Within the S2S
domain, the FuXi-S2S model extends the effective lead time of the Madden-Julian Oscillation
(MJO) to 36 days. By employing a flow-dependent perturbation scheme, it demonstrates supe-
rior early warning capabilities for extreme weather events. However, current AIWP systems
face inherent limitations due to Mean Squared Error (MSE) loss functions and a lack of physical
conservation constraints. These factors result in spectral smoothing, physical inconsistency, and

a systematic underestimation of extreme events. Such deficiencies are evidenced by a 20-50%
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underestimation in tropical cyclone intensity and a 35% bias in extreme precipitation. Conse-
quently, the shift toward physics—Al hybrid architectures has become inevitable. For Taiwan's
meteorological operations, this study recommends a strategy of "international foundation mod-
els with localized calibration". Priorities include building a high-quality Taiwan regional rea-
nalysis database, developing high-resolution downscaling techniques, and extending these ca-
pabilities to climate risk governance.

Keywords: AI Weather Prediction, Deep Learning, Climate Prediction, Extreme Weather,

Downscaling Techniques. doi: 10.53106/025400022026065401002
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