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Research on Marine Extreme Meteorology Forecast
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Abstract: Extreme marine weather phenomena have an important impact on the coastal area. Researchers
have made great progress in marine extreme meteorology prediction with the help of marine big data and
deep learning algorithms. In this paper, taking typical multi-scale marine extreme weather phenomena—EI
Nino, typhoon, short-term precipitation as examples, we firstly introduce the mainstream marine extreme
meteorology forecast algorithms in recent years, which are mainly divided into numerical model-based
methods and artificial intelligence-based algorithms. Then, we analyze the challenges and opportunities of
marine extreme meteorology prediction, and summarize the research advances of various methods in detail.
And, we discuss the advantages and disadvantages of existing algorithms through experiments. Finally, we
briefly look forward to the development direction of marine intelligent meteorology prediction based on
marine big data.
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MR TE T MR R T Y 70.8 %0 , 7E R BRABA W b R HEE RGO AR IR I LR A ER A T Y
HEZ) 7, 5 90 %0 LA b % B2 5y BRARFE T 1 o TN VA0 i K A0 & 2, 4 X 10 o Ml DX 1)+ 2 22 T 0 B
77 A R PR IR A T 0 A o R AR N S i R R B R . WS A E RS
20 NORE RIS 4 BE T RAAIE KT A 1 DR 8000 AR AR M X 5 RUJEE | 2 B A B AT Rl A O, S A
PV VE R (0 R AL K T AS R X DA 2 B S ) Y 750K o TR BE 2% 2 7E SCAS B L RS ) 45 1 2 4
WA A A A R, AL B EAE ) R IR AR R A UL 3 TV B 9 T VR e RIS
B RE IO Jy v T A 0 R SOA BB AE 2 SRR AT U R 5 G A BRI DA B A [ AR S HR 0 ] ) AR
IR ZR DT S A S R S B, LA Tk ) o 0 A A e K EH R

Y (1) 165 P B R R HE L R JE i3 5 77 % 391 (EL Nino-southern oscillation, ENSO) Bl 4 | 5 K3
SRR i B TR 45 . ENSO BLGRJE M BR b it 5 o 35 AR PRl o A B4, RIA AR 8 rf R RV b
DX 3% 1 2 M0 B L R I ) g 5 JRE 010 i 1B, R B T SOM AR T I 7 ) L 8 o 1 R B 4
A RS R XA S R E ER I ENSO Bl 4, 2 48 A BRI 2K ST R B 9 R (4
B WU — R gHEME B R AR EEAR R R G0, B2 U8 T % 30 B 3 ) R s B IV B KU A R Y
FETN o RS 4 R S TR W M X 3 R A R TR R B A BT B o A M T 45 R
AT R b SR R X T Bk B AR KE B IG5 PR TAE B A d B AR X O 4 9 T b XN IR AR A
W 7= e 4 B R IE o BT 5 0 T A A 2 DD AR, B i M 7 A B ) A% i R K SR PR R B S
0 250 AN BT P Xk e S L X A S AT L G AR, 2 ST AR I ML L A By O DA B K
T 2l DR B 55 5 T B A 2R

A SRR 5 T T A i ORI 5 R A B I TR) RUBE A X AR R S R4 ENSO L H EEZ0 19 & M4 L/
I 25 91 14 A% it 4% RT3 e L TR TR YA AR g IR A0 R 52 T A S5 B X 7 1 R BE T 5 vk L A AR T I VE AR 0 R R
PG T ) ELARAT: 55, B T UV R g DK T ) A 5 R, O 38 ik AE SC RHE 5 S 5 X 22 A I I AR i
RATIMAE 55 FEAT A RPN o SR, 1008 7 IV B o oK <0 T A 55 B A AV T I 1) Pk 2, O e B 1 L
K AT RE 1 A JE T 1] .
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SEMLAS 5 ) R AZ 4V 2 B BUE 5 W KA IR N TEER R, LAk 30 o A 5000 T AR o KR
Hi
1.1 EFEXITENGFERRRXSEETNF %

1.1.1 AR F#X e ENSO a7 &%

ENSO HA 5 ZUAY “ W SR 7 a5, PR LR R SO 55 5 300000 4 7 75 28 86 T KSR v i R 5
R TR TS R T 23l R R 22, X B B T AL B O 8 AN 4 TR B O R R R 22, D) R
AR LR VR SRR A 2 G0 X w0 S ORGSR i (R 22 . HRTR N W R A TR s R
B2 B 2 A BE AL 3 B INTER) bR 3 b 7= A 22 A AR A 235 2R K e AR A0 a2 5 SR A 1 T i) ME 5 4 B 3
A5, DA PP A T4 285 R 1) 158 22 AN B 2 P o AR TR 1 O 5 N A0 RT L FH ke DA S ff i M 38 RT L i
B0 ENSO M FU e 45 5 o 003 0 vk BB HG W T 328 50 1 28 0y ik 32 8 2 0l /N0 1 AS 10 2 2 5% T 149
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I 7 T A 2 T B 5 v, T 450 T o T R R Y 2 2 R [ A 0 B v 3 e Ty 3 A A A
PAROCRAT B 7 1G58 5 55 2 2807 6 2R W/ AN S PR 52 e Y 4R 5 TR U7 R L B 2 AN I TE R
TR 25 AT 2R A G TR, 9 1 SCRR [ 7-8 TRl T 2 A A 5 TR A T AP i 45 2R 58 3 K ik
[Fi) 1 25 5T ) (% 2 RN 2 108 25 B R B A FH X 04T 45 SR 1 S i, B 2 ) (i 4R G TR 2 RS4RI
LA e 2B S B A WR A ik B At et DI R 22 L R R R G B ENSO #9513 .
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BB AR S 1T & MR R P B " AFe Rl s B i 15 B RN S
7 1 T LAAR KRR B ok 38 £ IR 420 10 TR, 1T i 3t B 35 £ XU B B 930t A B TR B it
Qe [ B o0 S ) 1 2 ARIARSE X0 2 it v A K T i o A 3R 19 T () R

AT WU 3 R ST o 36 B RO A A 0 A B E KRR PO A AL R A T TR
R RLAY & AUTIAR 7™ o RO T 0 R A TR v SR AR A TR 7 3k A1 B4 0 T A 1 10 m s B A XU T

= SR A B8] 2y HE R B i £ 35 0.125°X0.125°, AR 20K 35 10 d, FodRG 72 h G ik [a) 23 B8 3 h, 72 h
S B IRF ] 23 B R 6 h, 76 A TR T A5 2 T 8y iz B R 5 26 R SRR AR PO R TR R S

KA H R B 4 BER T LK B 0.25°<0.25°, B 8] 43 #2653 hy, SE A H T 15 19 35 1 SRR KL H 0
KA T KR 2 km (G E & KBS 5% B2 R 4509 1 PR 7= s P R R4 0 2T Hil i i
T639 % fE 91 4 45 3 % A 4 BR A R KB AR 7= i, 43 BF R 0 0.3°<0.3°, i ] 23 BE R g 3 h, i Ik F
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1.2 EFAIEENEERBRISIAKITN T E

1.2.1 ATFAIHARGENSO @M 7 &

BAT Y e TR R ENSO B8 100 J5 ¥ | B T SR 07 40 3807 R R0 BR G 45 i A 23 7 K i
2K >k Nino3.4 48 %, X5 9] fh A5 40 R 525 0 e BE ARG, O ELXT g v 0 38 i Y AR 00 T 2 i oKL BEL
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Bifl 75 VR B 2 ) FOR 1 R R WE 98 3 I B 42 4 0 38 6 o8 A A DG M O 2 TR 8 I 4% o TN R R R
10 35: AR 25 M 2% (Convolutional neural networks, CNN) "% K 45 I 3242 18 %% (Long short-term memo-
ry, LSTM)" 8 5 B 4 e AZ M 2% (Convolutional LSTM, ConvL.STM)!™' &4 2 % % ( Graph neu-
ral networks, GNN)'“/H1 Transformer /45 . B IF QP 59 T4F 52 th Ham %53% 3179 3 T CNN B ENSO
I A AR TS R P 3 4 3 A9 0°~360°E . 55°S~607N X 5 A ¥ k1 B 5 ik 7 IR S B
Iy A B L 18 Nino3.4 5 FE S T i L 2 80 T K38 L5 4R 9 ENSO SRS s Il . BEJS L Ye
SECUR T MS-CNN 46 3 b [ 35 7 Hb 38 4% 5 B 1) /N SR 30 ) RUBE 9 {5 8 Ml T SR 1k 3R
S5 4 B IEAT I E CNN X ENSO B4 47 U . Hu %7 78 CNN AR (9 3£ 6 F 51 A dropout $ A Hl
Bl 25 A HUER TR R R AR S 1, NN IR T T Res-CNN AR AL, I fff FH [) B B 2= S BOR L ilf —
R T W AE 7, AT 20 A B T ENSO F4E . Ye & PRI T — A3 T Transformer 1 84 f) EN-
SOTRHESE, 1 UK Transformer 51 A ENSO il T-4F ,ENSOTR &5 5 1 45 BU 2 ) Ja) w8 451IE 1 fiE /3
Transformer 2% > L FE R /R A RE 7, B8 /5 7B Y 3000 g 25 28
1.2.2 A FTAIFRNE AN F &

(1) & WUE 58 53 B

CNN P 58 R Y KGR AL BEAE ), BB W8 N TR = I 4R L& XU = T 55 46 1 22 RlRRAIE , S2 30X & X
S8 (£ 11 . Pradhan % CNN ST 6 KU BEAH 5, 7% T CNN A FE TR R 45T 6 XU B /Y
W )1, Chen I T CNN-TC AL AR I8 TLE = R 5 K45 H B3 1B T CNIN G5, 46 1 31k
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JZ 1 Dropout B 5, fie KRR B HL DR B 5 XL = B S5 R R AIE 7886 M8 28 30 E T 3806 i A &k . 2019
A, Lee 2570 %5 0k B A UMY X BR = 4E S5 0, R 4k 5 BURK 2 M 4% (Two-dimensional CNN,
2D-CNN ) Fll = 4 35 FA 41 28 ) 2% ( Three-dimensional CNN, 3D-CNN) /3 #1 £Z i #r 1k T E EB 5 6 X
(Tropical cyclone, TC)#EEE Y EF . 2021 4F , Chen 25 % 51 Xt £ AU BE A S B4 [ S50, o A o %ok 4 1) 4%
(Generative adversarial network, GAN) H T & KU BE A 35, FI T G AN W 28 A= J #4% 55 245 1) & A B 5% 4 19
FEE A R B A Y B B D B T R (Passive micro-wave rainrate, PMW ) [E4% F1 7] WL 5% (Visible
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U5 PR 5878 i R 0, BT T — BB B AR AR AR UORTER G ik R QB M 51T 8 BT 81 11 45 #) R g
AT A0REJE B o X 250 XU 2 o 28 S8 1) FIVER 52 5 1) b 0 43 et b A R 2 ) O B = S B
Tl I 2, 1 IOAS () 45 s T A9 e XU o 1o AR E , R A 5 KX B = 4EHEAE . ] Wide & Deep 4544, il
G5 F CLIPER HFRPE Y & KU BE 4k i )3 3R AE G XU = 4 AU R AE 9 b S A RS2, S 30X £ JXUa B 1
SN (24 h) . Wu %42 1 TCL & TIE-Net, FI ] GAN 923 & XUt 48 085 B (19 24T 55 WU L %4t
Y 32 ZL 40 Sy TN AR B A TR . T AL R A Cycle-G AN 3k Az i & SR AS [6] B 1] 25 K (4 21 40 RS 5 Al
B 43 & TIENet Al TCLNet: TIENet 5 F Beaufort XUt 2 , B XU 7 %5 2% 4y fi iF , TCLNet 3 i3 4%
Cycle GAN A J5 B0 950 P45 565 Ak Shy #0345 45 IR 0 37 B B A (B . Lee 2557 3A 0 5 KUz P B4 7K F- i
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e 1 25 0 A A T 5 B UDAR DG, LI B3 T — il 22 4 CNIN B AU Sk 2% 2] 22 % il e 1k T AL KR 5
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1.2.3 ATAIFRGEEERTANF
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P4 . Shi %I Ay I AT i 20 A 7 3k AR EL AT A0 o A I 2 DG IR Tl 3k CNIN A LS TM B 25 4 140k
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P PG 31 P15 B A 46 ) 150, 4 UN et RS 78 107 HH 1 e K SN0 325 78 A0, 5% L) 455 R A7 650 455 1> 350 4 -
it 4% 300 Ao 45 FR R 5 Kt A ke /I R ) KIS 38 RJRRAZ Y, 38 SRR AR AIE 5 e B 253 0 432 1 R
PR A B LA /N, BRBUR G AE o Trebing %5/ SmaAt-UNet #7812 W 45 78 UNet 26 E i 1724
R A T CBAM(Convolutional block attention module ) 7 & J7 L il >4 32 =5 2 5 8508 |, R R B T 43 58
% (Depthwise separable convolution, DSC) #1845 45 % FU 4 b 2 80 i DU /i B 0% . Yang
4R AA-TransUNet 4% , 45 & 7 UNet £5 8 4% 3 9 100 49 8 35 A Transformer 5558 2% 3] K i 7 45
TR AR A, B R b 4 v 1 A 28 I ) o A P RN R
1.3 BFERWXSUETN AR EERBXIEMNER
1.3.1 HFEMRAIZ TR A 38 £

(1) H TR BE % 2] (1 ENSO B Ko fis 4

B F BB 2% 2 1 ENSO 1 42 2048 45 B Ham 1 EFREZSIMENSORRBIESE
a6 0019 AR $ MY, BUIR A2 77 T 0°~360°E  Table1 Deep learning based ENSO forecasting da-
1 55°S~ 607N [X Jak 1 15 2 I I 57 ¢ M PG K A 7 faset
S B R A B 505 s B B s Rk

% Nino 349580 03 1 FR. BRI A Tk CMIPS 2L DIRBURLAE 18632003
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SR L (SODA) R 2 sk A i, — o 1 DI WER oS S01T
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1863—2003 4F- Ay 21 M5 3 il 17 s LU HE , SODA 40 35 1 1873— 1972 4F By WL % 4 , GODAS 4% T
1984—2017 4F (g WL K HE o 8 52 56 43 W7 it #2 b, CMIP5 Bk &1 4% 9 VIl 25 4, SODA Bk &1l 4%y 56 3iF 45
GODAS 8% 43 A hy i 5
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(2) FE bR & Ko R85l 5

[ B £ WU 44 91355 (International best track archive for climate stewardship, IBTrACS) % 42 48 &
T A Bk S8 B G AU SR G o IZEIE R LG TR A 2 B GORAILEY Y s RS H Y B XUECE 42
HE I 19 22 40 4R AR LA R 29 %5 3 h i & KUAL B R BE | [l B i 32458 T [ 1980 4F LUK A8 KF- ¥ AL K4
T ACEREE (R R VEE e PR R ORCTVE R R 8 N B KUY R R KU AR R R ) R RURL T 2
(EE R VEI

(3) v R4 R 5 WU A I A B 4R

E A 4 RS A & 4 5 42 (China Meteorological Administration tropical cyclone best track,
CMA-TC-Best-track) 345 48 504 ok A b B4 s PO SIS0 o 8 T 1949 4F A4 7L KF
TE(IRIE LA AR 2 180° LAY % Fig 1 ) 1 B AUBE (19 5 6 h A9 057 BRI 32 o AR 5 0 45 AV AUlE
O P £6 B 28 B RN S AR T - T AU 5

(4) A& Ak T 5 a4

W45 4k T2 (Gridded satellite data, GridSat) $4is £ & Bk i 1k /< 5 102 000 A9 K 300 e 48 L 4
P e14h (Infrared, IR) /K78 (Water vapor, WV)FIH] IL 5% (Visible light, VIS) =38 44 . &4~
MR R /N R 5 1438 R X2 0008 &K , 25 18] 43 PR 0.07° 43 & /28 B, ) [B] 73 BE 302 3 ho W] 3 il A
19814 28 4> B J5 BB — WO , 8 3 70N 2 70°S 9 4 BE Y 1l

(5) DY TR BSR4

VU i E T B4 (Dataset of tropical cyclone for image-to-intensity regression, TCIR ) ¥ #i& 42" i [i]
SR AN 3 h, 2R [A)40 BE AR N 0.07° 45 B /455 . TCIR AL 85 P b K F 3 AR b K S 3 K 76 34 70 35K 861
AN AUIE , 6T 47 916 MR . A IUECHE A 201 X 201 AN A B A B SR ES 49k 4 km

(7) i 2 [ T 440 4

o7 22 A T 50 A0 A B O 1 T 22 BRI ST T o B A A A 22 M IX R AT [ 2016—2019 4F
9420 000 Z 5K FE R I, B AT 2.4 km (14925 6] 43 BE 2 5 min f9 0[] 73 BE A< S 7 TR 5T, M40 B 48
T bR G 1 B /NIRRT 4 LR T ARSI 9 2 S BOdE S NIL-20 I NIL-50, 73 5 2 7 B die 45 P i
AREFEH 20% 5K 50 % M TRARE o

(8) #k X Ml BR R G i 14

1 IX Hb Bk 2 4585 %) (Community earth system model, CESM )™ g — 22 15 43 ¥ 5 1 A A5 15 0 455 74
ALFE— A~ 500 4F 1Y Tll A Al 45 HAR DA — 4~ 1850—2100 4F 19 [ 5 A0 oK S A A4l . L epr | K A0 Rl
B AU A AR R K- 43 B3R 0,257, ¥ v A DK ABT A A AR AR 7K F 43 B 017, FE AN @ 43 BRI
TR SRR O BT ASE IV T b RUBE 8 S L I 9T, OF HL SRR I 8 KA R R 5 KRR E R Z
] AR E AR FH W 5E
1.3.2 #HFMR R AN Z TN A8 X M 35 47

(1) B[] 5 A OC 22 %K

FisF (1) S5 A 5 2R B30 St 1 2 0 0 {8 RSO 30 {1 =2 ) g e A DG ML 3R A R
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HARAE 55 Fl e 43 531 26 78 A B 47 R 25 SRUAF

(2) V-4 % 15 2=

246 %) iR 22 (Mean absolute error, MAE) #/R BUME S HE2Z M £ 5, £xX N

MAE—;[E)U,.—%\ (2)

i NRIRFEAREC R 59, y, 53 3 378 BUI A8 I EL S A

(3) HyIr i 2

777 MR 1% 2% (Root mean square error, RMSE ) 3 7~ 10l {E A1 B 52 {5 =2 (1] 22 53 (9 REAS bR o 22, R 3
XN

[ 2
(4) ¥yJ7iR 2
¥ 1% 22 (Mean square error, MSE) ik h
N
Diyi— 3.7
MSE=*+1——— (4)
N

(5) - i 2=
Y47 # R 2= (Average position error, APE) /s B0 A B 5 SEFR A B 2 (8] (19 W HE B iR 25, Rk
E2 W]

1 & .
APE = N ; 2Rarcsin /M, +(coslat, coslaty M, )

M= SmZ(W),MZZ gn(l“”pzlfm)

o R A HERNAZ s Lon, Fil lar, 53 R 55 i D REA B RNE B8 00 T ; Lon, F lar, 53 3 o= 56 i
A 23 B R BE B 2 PR

(6) iy

HEHH R (Accuracy, Acc) 327~ B FIUI 1F B A9 X 88k 5 B R X Bk LE &, ek =0

e TP+ TN .
“TTPLFNLFP+ TN

A TP(True positive) 7R IEAEAS Y IE B FU h IEAEAS ; TN(True negative) 7R fHE A B 1E 1
T R A4S s FN(False negative) 2 7 1 FE A B 45 1= 1000 4 IEFEAS ; FP(False positive) 7R 1
AR R FIUI A TR AR AR

(7) A=

LR W AE: 55 R 1), A Il 36 (Recall) 28 71 9 1 B T00I0 A A7 R 7K 18 DX 3 7 8 4R 48 7K DX 81 b 1), 3 3
W

TP
Recall fm (7)
(8) Bf%

PARE AT 55 19, iR 41 % (False alarm rate, FAR) KR 7E FURA FE K A XS, 525 37 B K Y IX
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Table 4 Performance comparison of the UNet based model on NL50 dataset

LAY MSE Acc i = Recall FAR

E el ] 0.024 8 0.756 0.678 0.643 0.321
UNet™ 0.012 3 0.826 0.719 0.867 0.280
SmaAt-UNet"* 0.012 1 0.817 0.699 0.882 0.300
AA-TransUNet"” 0.0114 0.828 0.725 0.857 0.274

2 HiEhkERSEZREES

2.1 MEIEHkE
2.1.1 ARTHEXGF & @ ils e Pk

FE TR 55 000 g 3 AR Sy R B 52 T 5 vk A T A R LR A TN 45 R R % U A i R
I GO 55 BF, A7 9K T I — e Bk o A o R GE R B TR RO (AR MR LA K 2 RUBE Bl ) 2
SN E Ry B AR 09 52 44 B T LA X 3k S ity R O S Hk > B R T R . X R R B
RS A 3 R S Bl T 2 AL A 368 A B TR DL R T e R R e DR R IR AR 2N R TR Y
LB I AN S8 06 2 B0l B iR AR B e — € B EE YR 22 . o —Jr i, B g AR 39 5 2 7
R ] 2 B0 D5 8 ok 20 1 Uk A% RUBE 1) 3l g 27 B4 i o 1) B 78 Ak, 1T 2 B Ak O SR TE AR i SR AU H
A ADL RN B (B T4 O T R AN AN N B 7 B ok A 1 U R B R T 1 S B T B R il e A
Jia)
2.1.2 RFALREF @0 IK

5 2% T S5 B 1) Bl R B 2 ) SR 8 )32 I FH ik 1 5000 BIR B 1 T R s < TN

%HM%TKMMEIJJ,@zsfﬁllm(’@{iﬁm}.‘é%aﬂfﬂﬁzﬁw%k%%ﬁm 55 TN TR B 7
AR SRAFAE G R AP, BRI

(1)ENSO T #z 1 i 25 W K 5 2 Pk i A7 = P B 5 A PR AU A8 38 . 4 2 19141 B % (Spring
predictability barrier, SPB) & i /& i T 8 2 18-S & R GU M55 10 Z 17, 2 S A8 i e ) 28
RGN AW AL, BB Z AR T R R R W R A A T ENSO 3544 000 AF 5% SR AR .
AR T ENSO S $6HE KTV 1 SO BAE FH 3G 09— B B A R K000 Ji B0 4 B A8 4k, B0 5 1) KA1 VA
B R G R R RAE 5 RS AR I P B A AE B 23R PIL ) FITR L A% A R S B R b i T ENSO
AU v (7 O 2 FOAS B o P TR I 6 T ) ENSO B 42 1 Bl i 4 i 7 Pkl

(2) B TR AT: 55 09 3E 2 72 T 2 A5 ME LLEE ST & XD )2 (3 24 R <R B4R 45 2 2 LTI o
BRAE . WFFEHE & KU s AN AL 32 B R R R 5895 55 0 5 19 52 ), Al 5 96 i 22 59 9 52 ey L R G
MR RGN A R B T T 2 AR T 5 XU A 8l 3T 3k AR 0 3 WA R R CH 5 R LA
YRR R A A 2 RO RS, A0 el 42 &5 5 T g it 20 J W0 5 vk 0 & KUSSEID i o At 4
o R B 4 O 6 B £ USRI AR R 2 Y AP 5 1) A R A

(3) VR B 27 > B0 A Jo W I W T ) 7 ) A 28 B v 0 00 1% o e ROR L B Y B o R
1155 2 L T T 0 Rk Il gl P B0 R e R et SR A9 43 B T R OE S D4 A A RORG AR M R



X Z % FLEEMH R AT EFRERE 241
G, (R R AR AL R I R 5 OV I R s O T 0 e G B 0 R B R 5 B T SRR . ] )
mAIEmﬁ&ﬁfmﬁM@éﬁ%kﬁﬁLﬁﬁﬁﬂ#ﬁtﬁ%ﬁﬁﬁﬁﬁ&w%QUhmff%
> B 0 AT e e 2 R I A A 55 1 B 5 ARME Ao

2.2 ERE®

2.2.1 HEREEHBREAFTFEI

LW LY L A3 43 S R I P R 1 T KBS 1) b ) 2 R R 1 R AR 3 s R S AL A A i
$E o W ARIE T EIE N 2R Y BE D £ 0 AR R0 D Y E B i 2 50, S 20O R
N T BE 7 6 5 B0 0 31 53 40 4 T 78 40 R FH I B O 34, 7™ B 1 249 1 X6 ¥ P Bk 2 R 4 B Ak A
U R SR X PR S R G T AT 45 Y 22 4 B 3 SR — SCME R 2T T UM LR LA D5 R i gT 2 R
JE 6 A B A A ) 22 R I AR i 25 S — SO G R AR % s T IR 4 24 o i B
Sy R 0 RS — B0k B8 TR P 22 W BRI ik 2 TR R AR 4R BCRE 7 5 B RUBE — B0 22 4 30 39 Vg 4 00
WF9E F R 151 S 50 2 B U IR 26 R 07 %, 15 30 4 B 3% D9 16 A B R LA R 22 W B 3 1) 45 LA S BB G
F R R A N S — B R R R s ()

2.2.2 HERKIELRIER

VR SR B A O R B0 O SR A b 1 R DR 3R R T A R TR v IR A P AR Al . AR 43
ARG 0 K PR TR B 7 A ) 22 XL AR A R X A i A 4 A WL B R 3 A 1 AT R A A
R 22 R fiit 2 0k 30 V)5 B M 4 R 22 U Gt BR R 0 A TR oA £9% A R | R v AL A 0 A e
Wit AR AR O i 7 o R BK Bl B N TR i D 9k T LA T Rl A G AR L ek i B R A Bl S i
UL, P A G R R R A AV R B A A T A Y | R R A i L s 4 A R o R
BB BRAE .

VT VLT 3 B 85 A AR TR T VR IR R R 5 A A B R 1 45 A, O S B A B R I A1 R 1Y
BhA S R H AR . Wl 2 1 0 B G A8 235 1) R [ 4k B 1) i 270 Ak, 5 2 R Al AR i 0 B A AR
JE T 5 B T I AR AR ARAE o 5V T S ] A RV T G R 2 3] RV I DA A o
Bilt o AT X VA R PR B 3 A A% Bl A 58 T B A LB O R R BR P L B 5 AR G5 — B 2 2 R R I L K Ry
PG Y 1 18 S I 5 45 M Ak 3 3k | ST PERR S U 4 4 B 8 45 VE R AL S B ST I R A kR A Ak
Feik R SC I B AR LT RO 42 0 TR A B R | Al A RN DG G, R VA T B G i s R A A
A 2 A PR T AL o B X VA R R B T A ek e B T RS 0 A R R A A BB
HfF 9 1) 5% 2 9K B0 R A B0 R0k 1 Bl 2] ok 3 0t Bl A A e 0 s R A A R A I s R
A SR AR AR 22 T i o T RO 1 3 RR %

3 SXRIE

AR ST 3 A i RS ﬂ%ﬁﬂ%%ﬁ&ﬁiﬂﬁﬁﬂmﬁﬁwkﬁmﬁﬁﬂ@%%mﬁﬁ%E
TRBFFEAT 55, A% G836 T 55008 J R A R 31330 0 10k 35 0090 K 3l A9 N T8 6 D 6k T O T 400 Al 4%

VA Y A i K B G T A 45 4 O 9 0 %Fﬁkﬁﬁﬁ%%ﬁzﬁﬁﬁmm%mﬁME%#ﬁT

STV o RS, e T BB B B i K ST AT 55 T I 4k A, 1 DI R BN Bk [ 2R 2
R DR AR A U B A D T SR R T A g SRR G T A 95 AR R R K 8 T 1k

S E 3k

[1] YE M, NIE J, LIU A, et al. Multi-year ENSO forecasts using parallel convolutional neural networks with heterogeneous
architecture[J]. Frontiers in Marine Science, 2021. DOI: 10.3389/fmars.2021.717184.



242 R EB L Journal of Data Acquisition and Processing Vol. 38, No. 2, 2023

[10]

[11]

[13]

[14]

[15]

[16]
[17]

(18]

[19]

[20]

XU G, XIAN D, FOURNIER-VIGER P, et al. AM-ConvGRU: A spatio-temporal model for typhoon path prediction[J].
Neural Computing and Applications, 2022, 34(8): 5905-5921.

YANG Y, MEHRKANOON S. AA-transunet: Attention augmented transunet for nowcasting tasks[CJ//Proceedings of 2022
International Joint Conference on Neural Networks (IJCNN). Padua, Italy: IEEE, 2022: 1-8.

PALMER T N, BUIZZA R, MOLTENI F, et al. Singular vectors and the predictability of weather and climate[J].
Philosophical Transactions of the Royal Society of London. Series A: Physical and Engineering Sciences, 1994, 348(1688):
459-475.

CHEN D, ZEBIAK S E, BUSALACCHI A J, et al. An improved procedure for El Nino forecasting: Implications for
predictability[J]. Science, 1995, 269(5231): 1699-1702.

JI' M, KUMAR A, LEETMAA A. An experimental coupled forecast system at the National Meteorological Center: Some
early results[J]. Tellus A, 1994, 46(4): 398-418.

BARNSTON A G, TIPPETT M K, RANGANATHAN M, et al. Deterministic skill of ENSO predictions from the North
American multimodel ensemble[J]. Climate Dynamics, 2019, 53: 7215-7234.

LANDSEA C W, KNAFF J A. How much skill was there in forecasting the very strong 1997-98 El Nino?[J]. Bulletin of the
American Meteorological Society, 2000, 81(9): 2107-2120.

BECKER E, DEN DOOL H, ZHANG Q. Predictability and forecast skill in NMMEJ]. Journal of Climate, 2014, 27(15):
5891-5906.

DEMARIA M, SAMPSON C R, KNAFF J A, et al. Is tropical cyclone intensity guidance improving?[J]. Bulletin of the
American Meteorological Society, 2014, 95(3): 387-398.

EMANUEL K, ZHANG F. On the predictability and error sources of tropical cyclone intensity forecasts[J]. Journal of the
Atmospheric Sciences, 2016, 73(9): 3739-3747.

YAMAGUCHI M, MAJUMDAR S J. Using TIGGE data to diagnose initial perturbations and their growth for tropical
cyclone ensemble forecasts[J]. Monthly Weather Review, 2010, 138(9): 3634-3655.

MUNSELL E B, SIPPEL J A, BRAUN S A, et al. Dynamics and predictability of Hurricane Nadine (2012) evaluated
through convection-permitting ensemble analysis and forecasts[J]. Monthly Weather Review, 2015, 143(11): 4514-4532.
HEE R X S AL, 5 EC AR 10 m U7 7 TR 0 U SR A 9 AR 0 A 4 5 AN (D). M VR , 2020, 37(6) -
74-82.

LIAN Xihu, LIU Guiyan, GAO Song, et al. Evaluation of the ECMWF forecast skills for the 10 m wind field in the Bohai Sea
and the Yellow Sea[J]. Marine Forecasts, 2020, 37(6): 74-82.

HU J, WENG B, HUANG T, et al. Deep residual convolutional neural network combining dropout and transfer learning for
ENSO forecasting[J]. Geophysical Research Letters, 2021, 48(24): e2021G1.093531.

HAM Y G, KIM JH, LUO J J. Deep learning for multi-year ENSO forecasts[J]. Nature, 2019, 573(7775): 568-572.

ZHOU L, ZHANG R H. A hybrid neural network model for ENSO prediction in combination with principal oscillation pattern
analyses[J]. Advances in Atmospheric Sciences, 2022, 39(6): 889-902.

BRONI-BEDAIKO C, KATSRIKU F A, UNEMI T, et al. El Nino-southern oscillation forecasting using complex networks
analysis of LSTM neural networks[J]. Artificial Life and Robotics, 2019, 24: 445-451.

GUPTA M, KODAMANA H, SANDEEP S. Prediction of ENSO beyond spring predictability barrier using deep
convolutional LSTM networks[J]. IEEE Geoscience and Remote Sensing Letters, 2020, 19: 1-5.

CACHAY S R, ERICKSON E, BUCKER A F C, et al. Graph neural networks for improved El Nino forecasting[EB/OL].
(2021-02-12)[2022-11-30]. https://arxiv.org/abs/2012.01598v1.

YE F, HU J, HUANG T Q, et al. Transformer for El Nino-southern oscillation prediction[J]. IEEE Geoscience and Remote
Sensing Letters, 2021, 19: 1-5.

PRADHAN R, AYGUN R S, MASKEY M, et al. Tropical cyclone intensity estimation using a deep convolutional neural
network[J]. IEEE Transactions on Image Processing, 2017, 27(2): 692-702.

CHEN B, CHEN B F, LIN H T. Rotation-blended CNNs on a new open dataset for tropical cyclone image-to-intensity
regression[C]//Proceedings of the 24th ACM SIGKDD International Conference on Knowledge Discovery &. Data Mining.



X G F B EMRER AL F R R 243

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[36]

[37]

[38]

(39]

[40]

[41]

[43]

[44]

[S.1.J: [s.n.], 2018: 90-99.

LEE J, IM J, CHA D H, et al. Tropical cyclone intensity estimation using multi-dimensional convolutional neural networks
from geostationary satellite data[J]. Remote Sensing, 2019, 12(1): 108.

CHEN B, CHEN B F, CHEN Y N. Real-time tropical cyclone intensity estimation by handling temporally heterogeneous
satellite data[C]//Proceedings of the AAAT Conference on Artificial Intelligence. [S.1.]: AAAT, 2021: 14721-14728.

LIAN J, DONG P, ZHANG Y, et al. A novel data-driven tropical cyclone track prediction model based on CNN and GRU
with multi-dimensional feature selection[J]. IEEE Access, 2020, 8: 97114-97128.

GIFFARD-ROISIN S, YANG M, CHARPIAT G, et al. Tropical cyclone track forecasting using fused deep learning from
aligned reanalysis data[J]. Frontiers in Big Data, 2020. DOI: 10.3389/fdata.2020.00001.

LIU Z, HAO K, GENG X, et al. Dual-branched spatio-temporal fusion network for multihorizon tropical cyclone track forecast
[J]. IEEE Journal of Selected Topics in Applied Earth Observations and Remote Sensing, 2022, 15: 3842-3852.

DONG P, LIAN J, YU H, et al. Tropical cyclone track prediction with an encoding-to-forecasting deep learning model[J].
Weather and Forecasting, 2022. DOI: https://doi.org/10.1175/WAF-D-21-0116.1.

HONG S, KIM S, JOH M, et al. GlobeNet: Convolutional neural networks for typhoon eye tracking from remote sensing
imagery[EB/OL]. (2017-08-11)[2022-11-30]. https://arxiv.org/abs/1708.03417.

MORADIK M, GORJI S M, HOMAIFAR A. A sparse recurrent neural network for trajectory prediction of atlantic hurricanes
[C]//Proceedings of the Genetic and Evolutionary Computation Conference 2016. Denver, CO, USA: ACM, 2016: 957-964.
PAN B, XU X, SHI Z. Tropical cyclone intensity prediction based on recurrent neural networks[J]. Electronics Letters, 2019,
55(7): 413-415.

ZHOU J, XIANG J, HUANG S. Classification and prediction of typhoon levels by satellite cloud pictures through GC-LSTM
deep learning model[J]. Sensors, 2020, 20(18): 5132.

ZHANG Z, YANG X, SHI L, et al. A neural network framework for fine-grained tropical cyclone intensity prediction[J].
Knowledge-Based Systems, 2022, 241: 108195.

XU G, LIN K, LI X, et al. SAF-Net: A spatio-temporal deep learning method for typhoon intensity prediction[J]. Pattern
Recognition Letters, 2022, 155: 121-127.

WU Y, GENG X, LIU Z, et al. Tropical cyclone forecast using multitask deep learning framework[J]. IEEE Geoscience and
Remote Sensing Letters, 2021, 19: 1-5.

LEE J, IM J, CHA D H, et al. Tropical cyclone intensity estimation using multi-dimensional convolutional neural networks
from geostationary satellite data[J]. Remote Sensing, 2019, 12(1): 108.

CHAUDHURI S, DUTTA D, GOSWAMI S, et al. Intensity forecast of tropical cyclones over North Indian Ocean using
multilayer perceptron model: Skill and performance verification[J]. Natural Hazards, 2013, 65(1): 97-113.

SHI X, CHEN Z, WANG H, et al. Convolutional LSTM network: A machine learning approach for precipitation nowcasting
[J]. Advances in Neural Information Processing Systems, 2015, 28: 802-810.

HAN L, LIANG H, CHEN H, et al. Convective precipitation nowcasting using U-Net model[J]. IEEE Transactions on
Geoscience and Remote Sensing, 2021, 60: 1-8.

SHI X, GAO Z, LAUSEN L, et al. Deep learning for precipitation nowcasting: A benchmark and a new model[J]. Advances
in Neural Information Processing Systems, 2017, 30: 5622-5632.

TREBING K, STANCZYK T, MEHRKANOON S. SmaAt-UNet: Precipitation nowcasting using a small attention-UNet
architecture[J]. Pattern Recognition Letters, 2021, 145: 178-186.

WOO S, PARK J, LEE J Y, et al. CBAM: Convolutional block attention module[C]//Proceedings of the European
Conference on Computer Vision (ECCV). [S.1.]: SpringerLink, 2018: 3-19.

CHOLLET F. Xception: Deep learning with depthwise separable convolutions[C]//Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. Honolulu, HI, USA: IEEE, 2017: 1251-1258.

BELLENGER H, GUILYARDI E, LELOUP J, et al. ENSO representation in climate models: From CMIP3 to CMIP5[J].
Climate Dynamics, 2014, 42(7): 1999-2018.

TRHE SR, AT, B AR A B ENSO JF iU 9 77 = Bk B 1 (1], R 244, 2012, 70(3): 506-519.



244 o RE B L Jowrnal of Data Acquisition and Processing Vol. 38, No. 2, 2023

ZHANG Yale, YU Yongqiang, DUAN Wansuo. The spring prediction barrier of ENSO in retrospective prediction experi-
ments as shown by the four coupled ocean-atmosphere models[J]. Acta Meteorologica Sinica, 2012, 70(3): 506-519.

[47] ZHANG Z, REN B, ZHENG J. A unified complex index to characterize two types of ENSO simultaneously[J]. Scientific
Reports, 2019, 9(1): 8373.

[48] KNAPP K R, KRUK M C, LEVINSON D H, et al. The international best track archive for climate stewardship (IBTrACS)
unifying tropical cyclone data[J]. Bulletin of the American Meteorological Society, 2010, 91(3): 363-376.

[49] LU X, YU H, YING M, et al. Western north Pacific tropical cyclone database created by the China Meteorological
Administration[J]. Advances in Atmospheric Sciences, 2021, 38: 690-699.

[50] KNAPP K R, ANSARI S, BAIN C L, et al. Globally gridded satellite observations for climate studies[J]. Bulletin of the
American Meteorological Society, 2011, 92(7): 893-907.

[51] CHANG P, ZHANG S, DANABASOGLU G, et al. An unprecedented set of high-resolution earth system simulations for
understanding multiscale interactions in climate variability and change[J]. Journal of Advances in Modeling Earth Systems,
2020, 12(12): e2020MS002298.

[52] LUO JJ, MASSON S, BEHERA S K, et al. Extended ENSO predictions using a fully coupled ocean-atmosphere model[J].
Journal of Climate, 2008, 21(1): 84-93.

(53] KIRTMAN B P, MIN D, INFANTIJ M, et al. The North American multimodel ensemble: Phase-1 seasonal-to-interannual
prediction; phase-2 toward developing intraseasonal prediction[J]. Bulletin of the American Meteorological Society, 2014, 95
(4): 585-601.

[54] OLANDER T L., VELDEN C S. The advanced Dvorak technique: Continued development of an objective scheme to estimate
tropical cyclone intensity using geostationary infrared satellite imagery[J]. Weather and Forecasting, 2007, 22(2): 287-298.

[55] VELDEN C S, HERNDON D C. Update on the SATellite CONsensus (SATCON) algorithm for estimating TC intensity
[EB/OL]. (2014-04-01)[2022-11-30]. https://ams.confex.com/ams/31Hurr/webprogram/Paper243759.html.

fEEE N

ZRFE(1996-), F , L HF
g8 A RIS 5 T - A OR B
I A U, E-mail:

litianbao@tju.edu.cn,

X %% (1982-) , B, ¥z,
T A 5 0, WE 5T 5 16 - 1
R BRSO RE
E-mail: anan0422@gmail.

KA (1992-) , BIEEH,
QI 7 1 4 S 118
W58 J7 1)+ 1 3 R s 43
. AN L2 fiE, E-mail: dan.

com, song@tju.edu.cn,

ZEXHE(1991-) , 5B, YR,
[0 e s [ I My (P2
RPN /T TN N
& 4 Hr ., E-mail: liwen-
hui@tju.edu.cn,

FNIEFE(19827) , %, M5
B, A S B 5
i B3 O FR A% 2] U LA
FE AL B A ), E-mail:

zhengya.sun(@ia.ac.cn.

REZ (1991, 9 Bl #
A T el [ I T i
i)« 4y 3 AR A LA
B BUERL A T A8
£ %, E-mail: yuanchunx-

in@ouc.edu.cn,

(% # TR E )



