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Abstract

With the rapid development of artificial intelligence technology, Al has become an important means
to improve the accuracy of weather forecasting. This article provides an in-depth introduction to
the latest research achievements and innovative value of domestic Al mid-term forecasting models,
focusing on the Wind Wu Meteorological Model, the Fuxi Meteorological Model, and Huawei’s Pangu
Meteorological Model. The Wind Wu model, through multi-modal multi-task learning methods, un-
certainty loss functions, and replay buffer mechanisms, has significantly improved the accuracy and
timeliness of forecasts, especially in global 500 hPa geopotential height and typhoon path forecast-
ing. The Fuxi model adopts a cascaded machine learning architecture and latitude-weighted loss
functions to optimize long-term weather forecasts, particularly excelling in the prediction of small
to moderate precipitation events. Huawei’s Pangu Meteorological Model, with its 3D Earth-Specific
Transformer and layered temporal aggregation algorithm, has achieved high-precision forecasting
of both upper-air meteorological variables and surface meteorological variables, while also demon-
strating strong capabilities in extreme weather event forecasting. These models have not only im-
proved forecasting accuracy and efficiency but also reduced the dependence on high-performance
computing resources. The article also discusses the complementary relationship between Al mete-
orological models and numerical forecasting and looks forward to the future development trends
of Al in the field of meteorological forecasting, emphasizing the importance of real-time data assim-
ilation and the construction of extreme weather models. Although Al meteorological models have
achieved significant results in routine meteorological forecasting, they still face challenges in ex-
treme weather event forecasting, data assimilation, and high-resolution data processing. These re-
search achievements and innovative values provide valuable references and insights for research
and practice in the field of meteorological forecasting.
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Figure 1. Prediction performance of Fengwu model at 500 hpa altitude field with time extension
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Figure 2. Fuxi model cascading ML model architecture
2. RERBUREX ML 1EBIZEH

IR ZE BN TURATE 55 10 2 A AS B MBBL Re 0 Ty TRE IR Tk, B R > KA ik b iR 22

Perm ARG P s RSB X R e I ()5 BB AR A, T T A LA ) B P PR TARORS 5

AL BT R EE A BT AR s 845 R G i R O B 9 R, BB AL AT DIMST I R AR

TV A AL BT GRS ET A (R B [A) RO R B 3 AT T AL AR B, 185 T RA R EB AR RCR AR

2) SR L1 3R K ek $ i B

TRBRR G N T L5 FE AL L1 $a 2 sR 8, L% e MRS [ 25 B2 %o AR 10 AN [ 5 i F B S %3010k B
HOEE AR R T A FE RRCE, AR TN R . XA AR Y B8 1 A [F) 26 B X (1)
AR RIR S, $R A AR HOR S AR TN RE 7T

L1= 1 -1
C*H*W o3 o o

EBCRBRSR, UL FORIER RS K L, SR C LR | A | R B ARG, T X Rl —
S T RS S AR o, FORG AR B, KU o BERAERERORITRN, S T R
VB4 R I G 2 P X S T T L 9502 R RO T ST TN 5 BU S0 2 1 2 3 O A k.00 °F
VU, TR T X 5 (R 5 B 6 S AT 6 00 5 N 545K R S 5 8 M R [ M (o
AR BN E I, AT 2 BRI S i 5T AT

DOI: 10.12677/csa.2024.1412254 200 R HURLE 5 R


https://doi.org/10.12677/csa.2024.1412254

i 5%

3.2. REEBESKIRPAIRN

TERHT SR(TC) TR J i . ZEAE A IBTrACS (38 H [ Z i i AR U 3R (NOAA) A BR Fvy Ulie e
PEARHAE L)1 ERAD H0HE £ (WO -2 A 8008 ) 1 A WMEL VT Al TC BRAR TR AT, FuXi Al FuXi-Extreme 7
TC BRI AT HRES. 7E TC LR JT T, FuXi 1 FuXi-Extreme 7EF| A IBTrACS #4521
NVME I AR AE R K T HRES, {HFIH ERAS HE S/ AYME Wi R 4L T HRES.

FERE K S TR T T, FuXi 26/ SR K BE 1 Tk rh R IR T HRES, (RSP K F4E, wnH
ek 2t 62.5 2= KA1 70 2K, FuXi BOHER 1A W HRES. 3X 8] FuXi 78 40 BRI /N Y A4 1 73
e EBARERITEE ST, (R TN AR o B 7K A A R I B R AR A

7ERGE TR 7T, FuXi-Extreme 7E 10 m RGEAK T 13.8 m/s TR, 45scft 340 & H CSI (o8t iTh
fef)iim, (HIEEH 13.9 m/s (7 ) KGR TR, R &ML T HRES, {H CSI (B RIhTE50)7E 48 /)
BF35 N R4 0.5 LR, X 3R B B oty XU TR 25 M0 45 v] G 22 5

4. EREESFABE
4.1. QIET =

RN R G BRI A FIAE 2022 SETF R IISGHER AL RATIHRAER, B8 R TR U ok T
BEQE RIS . DL R iR ) 3 BT kRN ) B A

1) =% BkEs 2 A8 # 2% (3D Earth-Specific Transformer, f&i#% 3DEST) N :

3DEST & —FPiRFES I 380, LTI REROR AR, Reld B LF i R AN AL B = 2 A R AR
B, QFESGE. 2R R ERREE.

S5&50 4G R 4 (CNN)AHLL, 3DEST fefe B AL EE = 4i s, KB LB A —M&
by 3R T 26 55 FH 28 5 XA DA AN [R) KR ) 230 16 = 4k . 3DEST 7E B THI 25 18 T M Bk ) il 20 4% 1)
SVEREME, A A % T v b B ARt R SR T 199 2% [ 43 A R[] v JEE JE THD 2 R A LK &R

2) 4y )T SRA IR -

TR AL BT Hp ORI A TR R DRI AR O N 5 A AR ZE G BT R, B RS
BRI A AR T 43 J2 I [ 2R A B

AR Y G5 DU AN S 5] T (B B (R R (L /N IE S 3 /NIE S 6 /NE L 24 /NFTRIRR), I S0
VR IX LAY, DU /M TR 5 B T8) S GOIRGL IR AR B . X PP EA k> TR 22, i b |
BN R SRR IR RE, S T REI SR SR e e 1 .

Bl ARG [ X QA HLAE R AR TR I HE R AT SRR T TS T R . B RS TR
it AL B R 1) =4 SR BRI A SR> T AT R R 2, IR e SR A R G
TE RS TR A E A =1 B B FH (B A )

4.2. BHSKAXERESKTRTEIRNR

B AR RE LR R TR P R IMR I &, R RETN & T AR TR AR S R T 8T
TR ERNSR AT & . DUR 2 X B A RO B S R IR 22 AL S 4«

B AR AR E 2500, T850. T500. Q500. U500. V500 252 S G AR il I, #+
ARG B IR P52 L BT A TN B [ 0B 3594505 T R 0 Hh 1 750 & i (operational IFS). B A%
KA L operational 1FS (13477 #1522 (RMSE) AT PR T 85t 10%, o HYBE s i ARG FE . A <
GO T RIS 25 7 AH 24 T L operational IFS 22 HY 10~15 /NI A AERF TFIN A 17, BAE T 0 kS 755 A1
MEGL T, 3BT REER (I K TR A AL

DOI: 10.12677/csa.2024.1412254 201 R HURLE 5 R


https://doi.org/10.12677/csa.2024.1412254

i 5%

MRS RA BTN : 76 2 KRB (T2m). 10 KL FEJ7 [FAIZE B 7 ) KGR (U10 AT Vo) i |, 4%
ARG AT (R R 5 M= T operational IFS. #1755 KA RN T- operational IFS kS & 2T
TR 18 /NE (1« T A1 AR

Wedig KA A TR . k< % KRR (Pangu-Weather 28 48) 76 Ml i R/ S AR I TR 2 B HE 5K 1)
REST, B AE B B P S e (8 R X)) 77 T (1] 3) . Pangu-Weather 2 4 fit i 43 R4 S A0 T A 35t K% <
PFFERER1E, 5 ECMWRF-HRES ML, o BB ks i 1 T 2 5 .

PLE K Yutu 5], Pangu-Weather $2/T 6 Rl #EffH TN 7 eks a4 JE4E 5, 1 ECMWF-HRES
TES N AT 48 /N A IERISS 18, IXREIR T Bt SR AR A L B2 w7 0000 A oty RS T 1 5

L
Track Forecast for Hurricane Michael from 2018-10-08 00UTC Mean sea level pressure 10 meter wind speed
g o 1020 4 56
40°N
F1010 10,
& 30 £
1000 L5
. 990 20 e
-90 -80 -70 -60 -90 -80 -70 -60
30°N | Thickness (850-200 hPa) Vorticity (850 hPa)
40
10800
] c Lso T,
2 30 10600 & T
—e— Pangu-Weather Forecast &t
—e— ECMWF HRES Forecast | 2p°N 10400 Lo
i — Groundjruth 20
90°W 80°W 70°W 60°W -90 -80 -70 -60 -90 -80 -70 -60
Track Forecast for Typhoon Ma-on from 2022-08-22 12UTC Mean sea level pressure 10 meter wind speed
Z 30°n | 200 30 =
L + 1010 10
20 g 20 o
£= . E
+ 1000
10 10
100 110 120 130 100 110 120 130
Thickness (850-200 hPa) Vorticity (850 hPa)
30 | 30
40
10900 o
20 . £ 20 30
- - o
—e— Pangu-Weather Forecast 10800 2
—e— ECMWF HRES Forecast - 10 0
. i —8— Ground Truth
100°E 110°E 120°E 130°E 100 110 120 130 100 110 120 130

Figure 3. Pangu-Weather and ECMWF-HRES tracked the eye of Hurricane Michael (2018-13) in 2018 and Typhoon Maon
(2022-09) in 2022, and compared it with ground truth from the global tropical cyclone track dataset. Right: Diagram showing
the Pangu-Weather tracking process, locating the eye by comparing mean sea level pressure, 10-meter wind speed, thickness
between 850 hPa and 200 hPa, and vorticity of 850 hPa. The figure on the left shows the comparison of the 72-hour forecast
time (the forecast of the cyclone’s eye is indicated by the end of the arrow)
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