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(1. AR B TR K2 TP RN B AR AR 2 B, YE95 73 5T 2100445 2. o S 42 R ik D05 FRFF 55 A [0 042 JR) 7 B8 /K
T 75 92 B /R TR A DU U ) b A IR, WL BRI 4302055 3. E AR BEAOE A B K EH R AR S SR

%, 4t 100081)

TE: LARRE-W 7 F T &SRR SR K E M2 —, AKX Swin-Transformer # & 5 &
REh A EE N HE AL A, & 1850-2014 £ CMIP6 % # X #L 7 4 . 1871-1979 4 SODA [ 1t
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JE/K JE i - 7 ¥% 80 (El Nifio-Southern Oscillation,
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F 5 AA/MF 0.5C, WA E A La Nifia,

JL4E ENSO F & A T RGP IX, B2 e
PR R AR A F B R, B R, ENSO
308 3V — S A D X R T T M DX R 4 TR H A il X Y
Bk REAVERS RGN T H K, JF Al 78 28k
0 ] PN 5 R A i R AR, TR, ENSO F) R Tt

HEWMB: BX ARSI LI H (No.42475149); w7 [E < 42 J5) it W58 [ /K T 5 T B2 06 %8 T O 98 3 4 (No0.2023BHR-Y 14); 1 50 % 6}
F B 5T e b A PR FE RO 9% 3 42 (BIG202306); 9 F KR, 48 T 44 S5 50 2 FF RS (2024LASW-B19); V19548 TF 9% A= BH -5 52 B ) g 3 |- Ja) 33

H (NO.KYCX24_1533),

EE B KT (1998—), W, VLR A Rl T A, WFFE )5 [0 IR B 2% 2J . ENSO #iiill . E-mail: 2201083714@qq.com
*BAFVEE: T, B, WA AR S, BFSE 7 o AN T e RBUE AT . HLE R I A AL . E-mail: fangwei@nuist.edu.cn


mailto:2201083714@qq.com
mailto:fangwei@nuist.edu.cn
http://www.hyxb.org.cn
http://www.hyxb.org.cn
http://www.hyxb.org.cn
http://www.hyxb.org.cn
http://www.hyxb.org.cn
http://www.hyxb.org.cn
http://www.hyxb.org.cn
http://www.hyxb.org.cn

112

(GRERE T LE

T il 2 A A AR AT SR B RV, PR AP A2y L AP RIAE
SRERGHAAELZ L, Hd, ENSO M#FsE &+ L
SER R, HOrdi KRB R 3 28 TR 2H A
D7 BT BN SRR 5 v N T IR A 2 B Y
Tiiko SEERFERW, BT S MIEh 1 B Y ENSO Tt
A — 7 BIHERD A, I AR BE S B Rz Bl 1R 7 ML
e, {H i T ENSO I 28 i A i 28 A P 2 e, 1 52
i) ENSO Tl 75 A AR MESCELEE R 1 a A9 AT . 2
2, Bl M BRRE 2R R 5 U 5 A Y PR L AT
Wit Ak AR B RT R SRAESR T RENSR
BEE, IF N TR Re B R #EAT 3 i 58 . o,
PATR JE 27 2] g AR B8 B 3l J7 2k Ry A< fige Tl 42 it
TR e X AL 45 ENSO R . 4K, B
A By EE F IR EE 2% ) 1) ENSO T 7 3K IHFE 12 3 W
KPR . 7 %8, ENSO S F BUs A7 1 5
Rt I 23 {5 L, DATE L T B2 24 ~J 1) ENSO T il 462
T e oA ) B 25 05 B AT T8 4 B RRAE SR B, DL & AR A
TCVE A R AR A 5 B R i s e R . =
W, D YR I W $ s 3017 2 2 4 TR 2 H
W5, w1 Hae AR Ak B b i e 3045 2T
ZA T ARG B AR R TG AR LS A AR A Y
AHOCUS, J5 25 BOAR AT AAS B S R 75 21> 25 [R] 1 AL
AR R, (R X TCBE 25 220 i e DX Il 0 A A,
TS A5 A58 280 (%) 7 A I T - ) A DG B T 31K

R TR AR R R, A SCEE TR T

(1) B KLl Swin-Transformer!® > ENSO F il 45
T Z0 g I 45 6 B 25 fil A 1 & 0 L (spatio-temporal
fusion attention mechanism, STFAM), H 7y 44 *& ENSO-
STformer. %5 AU o )2 WAL 4544 F1 A% 2l % E #4F:,
DAk 22 OB ARAE, 38 3 B 25 il v B 0 L a7
B[] RN 25 ] DG 3R, 7R AR BA B 25 15 B S 133 & 1) ()
BF, S N7 kS A (] s ) 4 B2 22 1R B B &R, DASE A 0
P B St 4 B 25 A L, DA T I R A AU X ENSO A8
e i Ze A Y 2 >

(2) ENSO-STformer 5 #4 J5L A7 (19 £ J2 J 1 2%
(Multilayer Perceptron, MLP) #£47 Bttt , 531 H Nifio3.4
¥ B 0 #% (Nifio3.4 Index Predictor, NIP), i i1 X} £
JEHEHUS B RAAE SR AT AR G U, DA SR B 25 R 2
[B) () F 3R BE 7, AR AT DL B 47 b 3 ] ENSO Fi 4
9 T, - f5e 445 B R SR Nifio3.4 454K

2 MR TAE

21 EFSiTFEEE R ENSO Fi
TEAL G0 0 TN 5 2k v, 3T 45 T S R AL ) EN-

SO J7 ¥ A AE J2& X [y 5 08 I 25 i F A7 4 A, i
ENSO 5 %5 5 SSTA. R 3z 1Y il FE 58 Fiifg 2= KU
77 58 A5 A S R - 22 ) #7632 0% EN-
SO HEAT T o Horp, % WA GE i 5 v A LB AR OC 43
B (Canonical Correlation Analysis, CCA) ', &) 53 43
#r ( Singular Spectrum Analysis, SSA) '8, = 3§ 3% 43 ¥t
(Principal Oscillation Pattern Analysis, POP) !, £&f Jx
7 #  (Linear Inverse Model, LIM ) 2% 45 B4k iR 1Y
GeitJ7 vk vl LAfE— 52 FE B BB ENSO 21k, fHZ,
X7 1k G v AR A ORI FH ENSO 28 4k B B 5
FHURL A, T 7T ol 755 TR o000 F B 2001 5 5 0 A
22 ETFTHFHEEE ENSO Tl

T3 — it GE i T 7 R B T B B ) A A A
Pl Y 52 A B AR A, G207 1% 5 AR 4 BRORRUER

TET SR, IF T A5 6~ 124 H By ] S,
HJZIZ G EAE S R B BRI, Mg T A 5, Stk
() B, 2650 (A o T 0 B 19 AR KR B AR T 000 4
T A5 N R G0 R A LR e, BRULZ A0, BT
ENSO B 25 i A8 1 2 A8 M FL R i R 2, L T 8
Bl 71 F BEAIAE T ENSO AT 77 75 AR KA A 1ff i PR,
JEHAE RS T 1 2 By ek W B
23 ETHREZF IR ENSO il

LAEE, N T8 gy €k & g 2y ENSO il il if
sEdR At TR . AT B R A L, B TR
27 >] 1Y) ENSO i J5 v AT 275 e A J2 W 3G &%,
T A R M 4 B ENSO B A5 1Y JE 2 M 5 o i ok,
75 ENSO Y T30 i 5245 3 ik — 20 A e o

Ham 45 0 15 YO B B 27 2] B 0 3 ENSO 1
W 2z v, 8 2o 5 H 45 FURf 28 ) 2% ( Convolutional Neural
Network, CNN) X} 425k SSTA 5 VEI S & 5% (Ocean
Heat Content Anomaly, HCA) #f 17 ENSO & ## , i i
CNN (- B A8 (i 154 7 27 ] 5] ENSO Y 1T JE 15
B, JF B w0 s R e o 1A A Sk Y B ) R
G0, B R B R A y T B, JC I AZ I A R R
N EH AR MERRAE o RSS2 SR LI AZ M)
#% ( Long Short-Term Memory, LSTM) X} Nifio3.4 3§ %X
EAT B 00, {55 75 75 2= TR % A5 ( Spring Predictabil-
ity Barrier, SPB) 153 2| T B W G ff, SR M 1% 7 1AL
I3 S ) ) MRS DG R, W T A5 [AlE B . Geng Al
Wang™ 14 ENSO Fil il & 1 i 25 150 I [ 81, Jf- 51 1
HE T % 4 4 B S 12 12 (Dense Convolution Long
ShortTerm Memory, DC-LSTM) £ # | 3 i3 78 43 A9 SR 11E
PR, 133 78 2 IR 2 FREAR B, JFFE S 5E - 2
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715 HH B R Y Nifio3.4 48 504 2= 1 A OCHL 0y, )R8 itk
ZITIE T M 1 I (8] 5 25 6] 22 1) 1) SCIBR, Jak i A 2 4
13255 BRI 753 o Ye 5509 YO Transfomer
51 A E| ENSO il 2z v, 38 i Ff CNN Fl Transfomer
FAS5 4, B ENSOTR, A7 &L 42 I 15 B dla v i )22
5 s RRAE, 2B T X Nifio3.4 5 B8 i —4F 2
F4 v A OGP T, B2, %5 A AE 43 BERR S /N
B AR LARHOA R, AR Tk 2 2] B F 5 s
i) {7 2 JF B = X I 25 45 LB 2% ) o Rui S5 275X LA
15 T UR HE 2 2J i) ENSO Tl 485 0 ¥ A 78 45 7% J&
Py AT @ A ), 42 T — AW B B 25 (Two-
Stage SpatioTem-poral, TSST) H Bl IE LAY, 18 i 4 A A
PRl 1500 55 ENSO #5845 SN AH 45 75, DAOR B IO FE <
LU R, 20T A IR R AN R AR Y
MERR, HAE—EFE FEER T ER, (HE
TSR A A 8 75 2K, AR BEXS I s 5 0 AT A R
>, 3 SR AL T 1 3 A 4 B S 0 41 e I e g A e A
22 {5 8 .

AR SCHR Hy — i 23 il 5 B T LA Y ENSO i
ML . 5 LAER) ENSO Tl B AH L, A8 SCRC R
K L Swin-Transformer > ENSO [ i I £ 42 , i &
Swin-Transformer 15 AUl 45 (Y )2 WAL 2570 5 7 3l 6 1
TR IIHLE, BERT DA AR 2 RO T S s i FR A1
B, SOAT RS 4 Jmy A5 XA B A T 42 g A6 28 42
HUZS URRAE A 8 05 5 C AT B, 38 3k 5 | AR 25 il 6 1
E=WARIN R U2l g SRR R e = U i
7 3 I R A ) 4 FE 2 TR] B HK AR, AN SR AR R G A f
PR b B 0 2 A LR 2 2 I, JE T
Nifio3.4 & $i 00 I g 455 B, b I 25 $50 408 1 4 o — 4R 5
PO T 2 2Ry AE L iy, $R RN fhiig
3 s Ay ik
3.1 HiEE

AR SC A 28 5 1 R 90°E~ 30°W, 45 JiE Y [l
30°S~ 30°N [ SSTA 5 i £ T 150 m i B 53 ( Sea
Surface Temperature Anomaly at 150 m Depth, SSTA150)
YES N PR 7, AR B8 10 x 1,

B R F A 7S U Bl A A =X H #5313 ( Coupled
Model Intercomparison Project Phase 6, CMIP6) ( 1850—
2014 4F) 09 w16 ARG 2 H T SR SR | R
15 7 K48 [R] 4k MR 2.2.4( Simple Ocean Data Assimilation,
SODA)™I(1871-1979 4F-) % H 73 B K M1 4= B it
T 5 W] 4k & 45 (Global Ocean Data Assimilation Sys-
tem, GODAS) ™/( 1980-2023 4F ) 1 3% H 43 b7 5 ¥ .

] SODA. GODAS Fl1 CMIP6 2 6] {1 i (8] & & &,
03X 3 N4 2 Bl ASTEEAR S ¢ &, Hovp Dy o s )
B R B (5 B an 3R 1 gk 2 i

®1 CMIP6 HiFEER
Table 1 CMIP6 data information

hdes S BB E R W&

1 ACCESS-CM2 WA CSIRO-ARCCSS
2 ACCESS-ESM1-5  IRKFIIIE. CSIRO

3 CAMS-CSM1-O i CAMS

4 CanESM5-CanOE &KX CCCma

5 E3SM-1-0 ESE| E3SM-Project LLNL UCI
6 BCC-CSM2-HR i BCC

7 FGOALS-f3-L i CAS

8 FGOALS-g3 i CAS

9 FIO-ESM-2-0 i FIO-QLNM

10 AWI-CM-1-1-MR T AWI

11 IPSL-CM6A-LR %1 IPSL

12 MIROC6 HA MIROC

13 MIROC-ES2L HA MIROC

14 MRI-ESM2-0 HA MRI

15 NESM3 i NUIST

16 NorESM2-MM W NCC

%2 SODA 71 GODAS #iE{E &
Table 2 Data information of SODA and GODAS

K5 T HTEAE R WML
1 SODA S| UMD
2 GODAS XK NCEP

A S 0 B h BT A S SR AR 0,
I FL3m 3 (5 F I s o 00 R B R A R, Hoh B
FR /N R 29 3K, Tl B 1, BIVET 3 AN 45 KA Sl A 7Y
BN, J5 26 A5 FH T AR A A B0 E, B[] 8] B A A
14 . Ftk, CMIP6, SODA il GODAS H1REZAS ¥ 43
B 31652, 1628 Fil 452 M FEAHE . % T CMIP6
AN TR] A ASE B A7 AR A 22, 15 40 D B30HE A7 AR A
K25, Bk, A 3G o i % 2% 2 J7 ¥ % ENSO-ST-
former HEAT I % . B 4G, B ENSO-STformer 7£ CMIP6
s LT ISR, SR 5, K I 2R L 7 SODA %k
W B AT I 2k, i & AE GODAS ¥ | oE 47 PFA,
Hrp CMIP6 5 SODA (14 4] 73t 3 s .
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#* 3 CMIP6 #1 SODA ##E %I 4
Table 3 Data division between CMIP6 and SODA

Hobnde EIE RS LoallR RS
CMIP6 25321 6331
SODA 1302 325

3.2 ENSO T il ja) @ & X
ENSO 15 I J2& F FH i s A4 A 08 DAk A7 ok
K Nifio3.4 5 EC UM . A< SCR P B 22 > 53k, dd i
B 575 34 H B9 SSTA 5 SSTA150 P A i [H 1 %k
i 77 30 8 2 R AT PR, OF XS B 0 B S A5 0,
DL 26 4 H 1) Nifio3.4 F5 8. BRI 4 & — A
P 10 7 s 45 B0 TR B 25 5088 7 810 R X, = (X,
X, Xo}, Horh X F XG53 Bl R i 5 1 B[R] A
FAE T RS BB . S TR A UK, EN-
SO TN AL AL FT LA R 75 20 £ (), BB DT s 725 1y < fig
B XA R A SR BT S A R Y R AE
IF #E 47 K K N2 Y Nifio3.4 48 B Yroirow = {Yra,
Yrowo Yroto LRITREATHEA K 1 Urotik:
Yrarw = fXiz), (1)
Aoy, TR AT B S AR 4 T s DA, N oA
By Y Nifio3.4 58 BN AR EL, f()FR78 ENSO IR 2

L LS
3.3 ENSO-STformer 52U [} 48 2244

AR SCAE R SR H Y /2 Swin-Transformer 152 % 25 44
AL — AT SRR T $E Uy s A R 2
fiIE DL B B AR &% 43 38 % . £ 4~ ENSO-STformer 45 T
2%, B Swin STFA Block, F T #& UG & B 25 7 B 7E
P 1Y) 22 48 J5 RS2 R AE, DL B — A~ Nifio3.4 45 5T %
M TH 24 G 5 BT 785 AR L BT, 9145
FI) oK H 1Y Nifio3.4 $5 %54

e, [ 3 x 38 CNN ZE17 R R A
1, LAIB B/ IN B Fr 3 B30 R R R B A B A5 s IR,
Ry Y A ek R B ) 45 G AT R YRR R UL, X R
F 2 A8 T M2 AT 23 BB 288 55, 385 Nifio3.4
FREII 5 47 KK 26 A4~ H 1% Nifio3.4 5 ZCHuill .

AR SCREAL W 25 Q& 1 BT, 7 R oRFEERAE I,
T SSTA 5 SSTA150 Mg VX, Hoorfi Z A & K
= ECE 0 B b B PR, R 4R A9 Swin-Trans-
former H K [ #E AT M 045 B AR AR 181 1 43 B 1
B0, AN BB 8% 75 43 b B2 O IR 715 8., 2517 B AR 1
BAVLH I EROR

[H I, ENSO-STformer H1 R SR A 32 20 — 4 5 1
) B, 3 3 B A A B Kt Ak (MaxPool) 1Y

N Nifi03.4 (7+1) TTTTTTTmTmmmmmmm s s \
t: 1~26 months J\ s et N B! aat !
7 +1
: 1 1 1 ] :
T B PR - i
: : JEA—4E : : JE—4E : :
! [ ae N 1
[l |
Lt e
1
Nifio 3 445 BCHIN 22 Dot || e )| |
: IZI_/ — N l\Z/_ — 1 :
1 1
i b. 5T M (Swin STFA Block) _,:

HER T 150 mili B 5 [

H

X€E RO*HW

a. ENSO-STformer# ik HEZ

Ey, Ey Eyy J,
WHEFT 23 R
(3x3)
BRIIER|
Bk HEHRIERT S BB (1x1)
Ej, ii E;,

" IJM;W/F 4—’

EWegh}____J ___________________

_________________________

L bR

N o o e e e e e e

B 1 ARSURRIZE Y
Fig. 1 Model structure of this paper
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715 T8 B i T JBE e el e 5 40 R R A PR
i H R, Had B 2 fros o Horb A 2a oK TR
AR, 18] 2b R T RAE G B9 AT

2 T 3= 3
xe=> 8 £ :f & =>%=
& ® 3= [ &
I\\H 1 //;
a. R

Bl 2 AGEEE T RAE S b

Fig.2 Climate data downsampling and mapping

330 @ OERE LS

T S LR 0 22k A T 7 (Windows
Multi-head Self-Attention, W-MSA) FI#% 8 i 11 £ 3k
- & 77 (Shifted Windows Multi-Head Self-Attention, SW-
MSA),

WE 16 s, &0 23k BRI Re8H i
THREBR e AR S 1 X3 2, FE 40 AR B Sl A
BB Z 7 B3 AN IR 0 H 22 [ R JC VA A Y
M, I 5 SO T X 42 Jmy FRRAE () $2 IO 6% 78 43, 1 i
PR AL TC AL S A TR T A G . R, fER% 3l
23k FEE I TS R, 535 R
AT DAFEAR SR 0 22 (R AH EAL A5 2, 1 1T 18 s A5 7 o)
2 JafF B AR EGRE ), Hoat B

7 =MSA" (™), (2)
7' = MSAY(STFAM(Z)), (3)
A, MSA, FRtd 0 £k AIEREJ), MSA” #n# 3l
#1123k H 1 /15 STEAM R 23 fl A HL]
3.3.2 WA ELG IR LS

F T, DA 38 0 B82S R v R 7 AL A A 3 e AR
T A P ok T B A 2 [ YOG R, X AT BR AR TR A
AU R AE Rl R T IR R e, BR =2 A, AE X
S B AT 25 (B A5 PR B[R] A, R R B 2 £
HEAT 7843 W OCHR, LA A5 R 0] o 23 B3040 i e iA e
J1o Wl Tc it i 25 @G i B AL, 68 T R AT

T2 DL A 22 RUBE 25 A5 ., O30 2o 155 5 (1] 2 2] D)
Ko 23 {5 BRG .

T, A A A AR AT IR A AR AR AR L, B A
Tl R AL B - X 4% 32 B ol DU 4% 454 e, R
i — %P AT 5l A T B FLUH I B B (Convolutional
Block Attention Module, CBAM), il 13 5% 2% 7% # 11)
J5 2, R BNRZ I S A E B, Kb WA AT B
PR 4 R R AE 0 P14 v B8 R 8 2 Ty [l iR A 42 Jm P 1
Ak ( AvgPool), J11di 1 x 145 4% 5 Sigmoid pf %L
A2 (a7 B A B 55 A I ) 27 2] 1) T 22 v T
SR R] 5 2 A B SCER, 5 IRl S 1 4 RO
JZ2 B RRAE 5 B R AR, i T3 x 3IR AT 43
B % B (Depthwise Separable Convolution, DSC), & Ft
RV THEROR, IZR AT A R R

E' = GroupConv2d™'(E), (4)

Ey = Avg"(E ), Ey = Avg"(E), (5)

Eyy = DSConv2d™3(E")), (6)

E,,,E,, = Sigmoid(DSConv2d™ (cat(Ey, Ey))), (7)
Ecpan = CBAM(E) + E', (8)

Eeign = Ecoan O (Eyy X E'y) (9)

A 7, GroupConv2d™* 37 fifi FH A [m] 1) 45 FR A% 1Y 43 21
& FH; DSConv2d™* &7 fifi F A [7] i) 25 FRAZ 1 TR B ]
BB CBAM Fon B FHEE J1; Avg RoR 25
- 2573t Ak 5 Sigmoid FoR AR LR RIS PREK -

B 2 A 2 ) B BRI AT T W4 i A 43
AR 1) AT AS ] A (8] 2 1] ) 5 2 ) 2 2
RE . w5, M — R )& 5 Ak R X R
4k IR, IF 38 2o F 35 Ak ( AvgPool) X 42 JR) 75 [H] {7
BT, )5 7 Sigmoid BTG T 53 x3 0% F
(R AIE [ B A7 s BB B, AR AR5 — =S IRl
J1El . 5 IR, 38 A AR T iR X 3 % 3 43 3 Y i
o ] R AT A R AR, RAR S AN S E R I, I
FE IR B ST T AT AR o, DT S B 2 A R, IR
Pyt o

E, = GroupNorm(Soft max(Avg(Eweg)) © Egw,  (10)
E, = GroupNorm(Eyg,) © Softmax(Avg(Eyy)),  (11)
E" = Ecypn © Sigmoid(E, + E,), (12)

A A, GroupNorm J 7 1H—1k; o KGRI Fliz &,
Avg Fn 4R 44k ; Sigmoid FT Softmax 8 7 I8 1%
PRIEK
3.3.3 Nifio3.4 45 H 7 &%

tHFARZ 4N T (Patches) L& T B2 Al A 15 B,



116

(GRERE T LE

[A it 2 B Swin-Transformer H0E: £ %0 T #£47 AvgPool
P 7 2 2 2 A TR 7 o) e 220 e o S Yy I S
BEXFIZ ), A SCBETE T Nifio3.4 5 B0 5 45
Yo, A5 an &l 3 fros, 38 5 X5 #h T 0 RRAE 1) 2 647
Maxpool 15 #| & — b T HBUE T K FRIEFE R, 5
W R A, 3 sk 22 R Y A LM e S A I S A B R R
I 1) £ FR 4 R — 4k ) 3, Y 9 B 25 R AR 22 (] A R B 3R
Ik, AR AR B O RE ) 5 B, BR 2 A,
TE Nifio3.4 5 0 100 DU 2% 19 4 t0 )2 78 o 1 ) Ak #2 4F
(Dropout), i i i A1 2K 1 #f 28 o6 LA R -1 2
RO S R T R SRR S UG, B R T R

P, = MaxPool(Patches), (13)
Paropont = Dropout(LN(MLP(P,..))) . (14)
Output = FC(Pyropout) » (15)

A1, MaxPool b Kt 4k ; LN )25 — 4k ; Dropout
FORBENLRIE M 40T, FC Rom 2

Patches € RV*¢

Patches%( 3

xxxxx

Nifio3.4

Pl 3 Nifio3.4 4 £ g
Fig. 3 Nifio3.4 Index Predictor module

4 b5 E R

41 XRHE5EE

AR TE Ubuntu22.04 R 48 F #E 47, A5 8L ]
PyTorch JI #5425 W 46 HE QL £ 47 52 B, 7E NVIDIA Ge-
Force RTX 3060 1% & I #4711l 45 .

Seash, RS 3BT R PR B 2 AR
PRI, I T R >k 26 A~ I 8] 204K 1) Nifio3.4 5%k 7E
LAY Zhad 2 H, 97 Uf 2% ) % (Learning Rate) % & N
0.001 6, I} ] (Epoch) it i K AR 15 M 100,

TR 2 B0 T T, 75 I A s D,
I, AR S E CNN B R KONy 3, R4 B2
32, BRULZ A, 1 % B Swin-Transformer!'® H 2 £ 1%

BN T RS AR B 96, HAR, B 2 B
B EE 5 3 8 BB T M, Hh R —A~a T
W 2 v 1 I B RN I 3 S, BBl B 1 2k
B2 L KN E N 8, B 25 il G 1 = 1P
T o S R 43 2 A 8 R 4. dit K/ (Batch-size)
BEE M 3, I BE B Adam Optimizer #6 & T R AL 1L 55 1%
VE BRI LAk A, HA E R 98 R 50k 0.001
42 SLIMEREFERR

R 35 VA AR B R B, A SCR F P 2 4 0 R 2%
(Mean Absolute Error, MAE). ¥4 75 #R 1% 2= (Root Mean
Square Error, RMSE) LA & J7 /K #th #H ¢ £ %X ( Pearson
Correlation Coefficient, PCC) 3 A48 45 A AL AR Y H: fiE,
MAE, RMSE 5 PCC 3 MEFRIEARITH AT FiR:

o
= — -—Av’ 16
MAE = - E,l ly: =9l (16)

(17)

(18)

K, nRORBEAR R, v TR i LHE, 3R R
i TIOIAE, XFN Y 433 37 PO A4S A8 8 ) BUE, X PR
78 A2 g (1) °F- 2446 ; MAE Al RMSE B B /N 75 B
RUTHUM R R 4, PCC R 1138 .52 5 Wi 9 Nifio3.4
FEEL B A OC R B, B RIS Ry 0 3 1, FRO0E 8 T R
FEARLTR ENSO [ FH X 15k = .
43 LIERIF ENSO H8E#IGXFEE

J T He %8 ENSO-STformer £ ENSO il illl fig /1, A
3C ¥ ENSO-STformer 5 4 T ¥ i 7% 2] B ENSO T ]
FE Y 0 b 5& £ 455X 42 & (North American Multi-Model
Ensemble, NMME ) B2 1 H i) 2 4~ 3)) J1 il i & G2k
A1 X5 b, 938 2 75 A A B 5 TR R SR AE 1984~
2017 4F- 1] 1] ONI A9 #H ¢ H¢ I5 3k P75 J Ftl g, =
L TR B 2 ) I 45 T T FE 19842017 4 1 (] (1)
GODAS H4ls AT PPAG o BT LB IR TR 3 2 2 A A 4
7] J& CNNP ENSOTRP fil GCNTR™, F F L #
B 1 Wi & 48 CanCM4, CCSM3 5 GFDL-aer04 3% H
T NMME.

AN [F S RYBE R ) ENSO M G H 15 A&l 4 fis , B
A bR A AN TR 42 T, DN A bRl ONI 3 I {8 5 7 S (B
22 [B) B AH 5 R B8, JHEASC(E BR 2y 1 W A A T 0 R )
3% . ENSO-STformer 1 /Y ONI Y #H 3¢ % 15 78 4% Aif



128 K . BT Swin-Transformer FI 25 fill & 1 5 A AL 59 ENSO Uil 117

114 A B 5T #E i 7 NMME 1 343 11 B4l &
gt JF B HoAt A TR BE 2% S BERUAE Lh, BE B 42 T £
PRI, ONI A AH OG5 15 1 B R B2 S /0N, BRI 22 48,
B ok W A S, FE4RE AT 14 4 A J5 , ENSO-STformer [

Lor g
09F
08}
0.7}
0.6}
0.5
0.4}
03}
02}
0.1

HRRE

-o- ENSO-STformer
-o-CNN
--ENSOTR

AH 5 32 15 375 38 i DL AR 56 T 3 E 2% 3 1 ENSO i i A5
T AT DAEATH IR PIARE A 2l . X B ENSO-
STformer 7E ENSO FiUil |75 25 B W A0, Jo e
KA ENSO i .

-~ GCNTR  -e- GFDL-aer04

-o-CanCM4 - SINTEX-F
-+-CCSM3

1 2 3 4 5 6 7 8 9 1011 12 13 14 15 16 17 18 19 20 21 22 23 24

TS HTY A
€] 4 ENSO-STformer, CNN?¥ ENSOTRP, GCNTR™ FIz} J1 Hi4k £ 4i CanCM4L?
CCSM3P| GFDL-aer04P? 15 SINTEX-FP 1) ONI A 4% 15 1% i
Fig. 4 ONI related skills of ENSO-STformer, CNN®! ENSOTR™*, GCNTR"?, CanCM45%,
CCSM3P%, GFDL-aer04°% and SINTEX-F&*

4.4 ENSO-STformer 7~ [E]$2 57 # f9 48 X 15

& 5a 2 & 52 4 %] ENSO-STformer %f 1985—
2017 4 B9 Nifio3.4 48 FCHE /T 1. 3. 6. 12, 1571 184>
J s 45 5

MK 5 HAf LLFE H, ENSO-STformer 7E A /] 42 Hij
1R IO RE 7, B AT A 30, AR G I R
TR, RJRAKIH AT AZESR AT 18 A H B3k H] 0.6 B R4
5, UG, SRR PR ET 12 4 A T2 b, 686
B #4845 ENSO 4k T El Nifio I i 4% F e 8, I H.
TN £ 0% A 2% B0 HE B S 0 0 A O, 3 1 B AR AR
XF El Nifio 5 {4 i 4 55 R Al & o (HR, DS 25 2
KA, BEAIXT ENSO (¥ S5 14 3K e ) #2559 , JF i it
THERTIA 6 > H B JC L Tl La Nifia 19 (R . X
Al BE T4 T 457 v Z2 YK ) MaxPool $:4F, S S0R R BT
2 M A AR B0 02 R0 A5 5, AT AR 1 X8 0 1 27
LV
4.5 #E4l 2015-2016 4 El Nifio 4

7 T4 ENSO-STformer i % H 1A ENSO i {4
B BE J1, 7 SO B RLAR 8L 20152016 4F El Nifo 3 1F,
] IS} S T K6 36455 250 37 %) SPB A BE 1, 7 SC43 M 2015
2 H L 20154E3 H L 20154 4 A L K 20154F 5 A
FFHA % 2015-2016 4F 1 El Nifio #E47 I, 318 1 ONI
o LU B A SR (4 1575 0, b WL & GODAS v AH
JO7 5] [H] Y ONL. Bt =22 Ak, A SCREAH [ B 20 ke 4z 14 2y
1 Wik & 48 CMC1-CanCM3 4 T 4 25 5 5 ENSO-
STformer A Fil i 45 K 247 L 38, CMC1-CanCM3 il 4
GiRNZFR G 10 MR TR B SSTA (Y FEF-{H /Y

SERAE I DAL AH R A9 ONIL, HZ5 R an (&l 6 s o

MIE 6 Ha] LI H, M 2015 482 H % 2015 4E 3 H
i A 25 ST LUE Y, ENSO-STformer X El Nifio i
I3 R 559, X T L AE 2015 4E 8 A & 2015 4E 11 Az
Vi) 5 oy B S, L2, 3 VO A A A TH AT LA R S8l
R YC El Nifo Y722 Ak &%, I B -5 WL AR He, 3
PR AR R M. 5 G EIEE, 2015 4F 4 7 5 2015
AR5 F B RS A 45 SR T DAAR g b 40 00 016 1Y) A% Ak
B, 2z 4h, ENSO-STformer 5 CMC1-CanCM3 7E4%
st i) o5 %) S 47 0 A L, ENSO-STformer Fé) 75T 2% S
B I i T CMC1-CanCM3 A4 Tl R 2SR, 31X # #H EN-
SO-STformer A Lt T 2 J1 fi 4t R G0 7, AI LASK 4 b
IV X SPB 5 e Y I B 5 il o
4.6 HEASCIY

N T B EAS SR B4 Swin-Transformer 253 A9 A
RO, AR SCEE X T A BRI AT 22 H A R S, O
Tt GODAS H4li 8 [ #4750 1IE

4, 5 — 4l JE N A Al 48 2R Swin-Trans-
former A5 7 ; <7 3 (w/i} 25 fil & 1 B AL D R R B
O B B 225 il A5 0 WL e 75 380 190 52 0 45 S 5 <A 3
(w/Nifio3.4 5 £ I I % )% 7n H AR B Nifio3.4 45 £
2% Fr 15 2] 19 52 56 45 5 “Swin-Transformer( w/ T 2%
FE ) F R B4 R 4f Swin-Transformer & T SR AE$¢
(BEVREE

SIS A5 RN R 4 s, 18 2k Swin-Transformer 7
TR T A, B SR DL B RN A R TSN AR T, aX
WL T, BT X EE AL B AR ALK TH & — 0 B



118 R 46 5
3 307 MIAE
2| 2o = 301303
ﬁ T 5| 201504
T o} £ 0! ~2015-05
E-1pf ! g 05
Z | m z 00
3 L T (0.93) -05¢
1985 1990 1995 2000 2005 2010 2015 “Lor . . . . .
Gy 301502 2015-05 201508 201511 201602 201605
a. 14> SRR T 45 51 H# GE-H)
3
N ¥l 6 ENSO-STformer Fl CMC1-CanCM3 7 /A [ iif #H
gl F ONI Ay B {155 205218 1 8
<t
g U Fig. 6 ONI predicted values of ENSO-STformer and CMC1-
1=
z _; | — S CanCM3 in different periods are compared with the real values
;[T (089) o B 26 53 51427 A SCBUS AT OMC1-CanCM3 #) BURI SR, ¢
1985 1990 1995 20(2% 2005 2010 2015 7150 6,7 8 e 00
b. 34 H 42 AT B 25 5 Solid and dashed lines represent the predicted results of the model in this
. A =]
3 paper and CMC1-CanCM3 respectively, and different colors represent the
= 2F situations in different advance periods
£ 1}
o Of F4 BWETNIERA L ER
‘”;ZE :; :fijﬂliﬂ!ﬂ 1 Table 4 Comparison results of evaluation
3 — FRMAE (0.81) indicators of each model
1985 1990 1995 2000 2005 2010 2015
A4y HAR RMSE | MAE| PCC?
c. 6 H AT 25 SR
3 Swin-Transformer 1.11 0.95 0.52
ﬁ ? Swin(w/ T RAE) 0.91 0.77 0.64
% of ENSO-STformer 0.76 0.63 0.73
-1 '
Z | e A3 (w2 il A RS TP 0.83 0.68 0.69
5 — T (0.73)
1985 1990 1995 2000 2005 2010 2015 AR3C(w/Nifio3 415 KN #%) 0.88 0.72 0.66
A RMSE ., MAEMIPCCHE Jy B iiF 4E RS 7E B o R
FRTYS T ——— T #h . H %ﬁﬁ%l%*ﬁﬁ#$ﬁﬁﬁ*
3 RYFFOI R PS5 AF, 170N B9 7 Sk Fe7m 18 b (A IRAS Y P R ke, 1) I
= 2 A 57 Sk R A8 o 1 7k w2 AL e BB A, T AL A B30I S i 4 b T Bt
%é: SN
g —pt W
z W N e AL e
2f R 65 TAE. BRItz Ab, B2 A& L5 A L Nifio3 4
985 1990 1995 2000 2005 2010 2015 FEECI L 0 51 A R T T &, T A el kA
ﬁaw H) s Y N
RO A il A 1R SO B T S FERY P RE SR T, 507 310
3 BT 2 K B 2 e B 0 {7 8 S SR IBE, DT AR BB (R
2F > e AN e N N
| T s 2 Ak v BROE ) R A A B X TR R T 4
5 Of 4 R 2 OCH B, 5 Rl i, 38 U R R E AR AL
=1} N T,
272_—%@% R ASTG E ME, DATT R AR R R AT — 2 B B L o,
— THE (0.60) P N s .
5L ; . . . . . EL A TR B % 155 g A B e E|R
T Y IS R A By £ T MEADL S 50 o 5 2 1 1R %
Ay PEAE AL

£ 184 H SR BT 245 5
[§ 5 ENSO-STformer 2% £ GODAS
Hidha A b A R4 1199 0 S0 AR
AKX N F A G 7 5K
Fig. 5 Prediction effect of ENSO-STformer model in different
lead times and corresponding correlation coefficient on
GODAS data set

5 4k

BEXT LATE BE T IR B 2 ] 19 ENSO o) 45 21 e i
{5 BARBEFT 218, 52 33838 5 25 (6] 7 2 S AL
K, AR SCHRE e s A A T B 1 T A
, £ Swin-Transformer [ JEfili [ 5] A B} 25 @l A 3 &

fE or Hi



12 KT 4. T Swin-Transformer FIE 25 Fil-& 1 25 7 9L 19 ENSO Tl 119

JIHLHEIIF 4 T ENSO-STformer #6138 i1 %} SSTA
55 SSTA150 W 4~ 4 K+ i 47 ENSO & #58, I ) H
CMIP6, SODA Fl1 GODAS %§ ¥ X} ENSO-STformer i/f
TN 2R 55

S A R AR AT 11 A 2, HA e 15
it F 8 I Wi & 46, I LT CMC1-CanCM3 3 ) T
B T, ABIA T A 1Y SPB (] A B A 1 1
Ffig 775 5 R I, ENSO-STformer TE$2 1T 14 ™ H 2
Je 0 T B 35 b A DA A 3 T IR BE 2% 2 1Y ENSO il
MRS, I BE A8 7E K 3k 24 4~ H ENSO i (1) A1 56 3
5 Eaf LR E] 0.5 DL b Btk =2 A, 3 5 7 ml sE 5, ]
DI A SCHE Swin-Transform SRl (3% £ 8 sh A
BV, s | 23 FlG TR 2 7 HL (Spatio-Temporal
Fusion Attention Mechanism, STFAM) 5 Nifio3.4 35§ %X

S

T £ ( Nifio3.4 Index Predictor, Nifio3.4 35 % T £5 ) .

L4 ENSO-STformer £ ENSO Uil _E & 7 Hi A1
75 WPE R, HJE AR THAAAE AR PR W fd ] fa

(1) AU T AN SR, B SSTA 5
SSTA150, {H j& ENSO I 8 A8 & A Mk 2 S K £ 2L [7]
Y, UL, 762 )5 B 5E 2 iy Y 24300 2 1R
R 1, I PR A A 56 B A 1 % ENSO T30 (1
TR AR B 5

(2) A% 3¢ o B0 3K sh 1 7 Xk ENSO 214 3
7, O AR o R A BEML R, A T B AR
1 ] i RV 22, X T4 AN A T IR AR 1 ENSO 2%
TR TE AL, PR, anfer o 55 22 04 4 B e AR
SE B0 HIR Al A TR B 2 S B 7 3 2B ] A 1 T ifF—
HHE5 .

(1]

At E, R, PRIE TR, S RO TR BE AR PR AR A X i R S VR LA 1997/1998., 201472015 1 2015/2016 4F El Nifio g+
1} [7]. RABE, 2020, 44(5): 1057-1075.

Shi Shiwei, Zhi Hai, Lin Pengfei, et al. Contrasting salinity interannual variations in the tropical pacific and their effects on recent El
Niflo events: 1997/1998, 2014/2015, and 2015/2016[J]. Chinese Journal of Atmospheric Sciences, 2020, 44(5): 1057-1075.

FBF, BIK, TS AR FHEIR Victoria #2515 ENSO 4EFRIE R BYIEXFREFE [J]. KABIE2£4R, 2022, 45(2): 280-291.

Qi Li, Mao Xin, Zhang Wenjun. Asymmetric characteristics of interannual relationship between Victoria mode of North Pacific SST and

T8, 24T, 43, 55, PIRARIR] ENSO 37 T 25 A A Mm@ S I LR 20T (1], RSB, 2023, 46(4): 575-586.
Wan Yunxia, Yan Hongming, Jin Yan, et al. Causes of two extremely cold events in Yunnan during different ENSO events[J]. Transac-

Zhang Ronghua, Zhou Lu, Gao Chuan, et al. A transformer-based coupled ocean-atmosphere model for ENSO studies[J]. Science Bullet-
Wang Gaige, Cheng Honglei, Zhang Yiming, et al. ENSO analysis and prediction using deep learning: a review[J]. Neurocomputing,
Cai Wenju, Santoso A, Gollins M, et al. Changing El Nifio-Southern Oscillation in a warming climate[J]. Nature Reviews Earth & Envir-
Anttila-Hughes J K, Jina A S, Mccord G C. ENSO impacts child undernutrition in the global tropics[J]. Nature Communications, 2021,
Cai Wenju, Ng B, Geng Tao, et al. Anthropogenic impacts on twentieth-century ENSO variability changes[J]. Nature Reviews Earth &

FEZH), FR K, B aifE, 25, hE PGS EAEMS ENSO 30124 R ST HER [J]. 243, 2020, 78(3): 351-369.

Ren Hongli, Zheng Fei, Luo Jingjia, et al. A review of research on tropical air-sea interaction, ENSO dynamics, and ENSO prediction in
Dong Changming, Xu Guangjun, Han Guogqing, et al. Recent developments in artificial intelligence in oceanography[J]. Ocean-Land-At-
Zhu Yuchao, Zhang Ronghua, Moum J N, et al. Physics-informed deep-learning parameterization of ocean vertical mixing improves cli-
Zheng Gang, Li Xiaofeng, Zhang Ronghua, et al. Purely satellite data-driven deep learning forecast of complicated tropical instability
Ling Fenghua, Luo Jingjia, Li Yue, et al. Multi-task machine learning improves multi-seasonal prediction of the Indian Ocean Dipole[J].

Zhao Sen, Jin Feifei, Stuecker M F, et al. Explainable El Nifio predictability from climate mode interactions[J]. Nature, 2024, 630(8018):

(2]
ENSO[J]. Transactions of Atmospheric Sciences, 2022, 45(2): 280—291.
(3]
tions of Atmospheric Sciences, 2023, 46(4): 575—586.
(4]
in, 2024, 69(15): 2323-2327.
(5]
2023, 520: 216—229.
(6]
onment, 2021, 2(9): 628—644.
(7]
12(1): 5785.
(8]
Environment, 2023, 4(6): 407—418.
(9]
China[J]. Acta Meteorologica Sinica, 2020, 78(3): 351-369.
[10]
mosphere Research, 2022, 2022: 9870950.
[11]
mate simulations[J]. National Science Review, 2022, 9(8): nwac044.
[12]
waves[J]. Science Advances, 2020, 6(29): eabal482.
[13]
Nature Communications, 2022, 13(1): 7681.
[14]
891-898.
[15]

W, GTFRE, FERTR, 25, MG 2 A R AR SHZ%T ENSO BV R SMEAT SC YR [1]. KARIE, 2024, 48(1): 218-227
Huang Gang, Hu Kaiming, Tang Haosu, et al. Understanding the influence of background mean-state field on ENSO tropical and ex-


https://doi.org/10.1016/j.scib.2024.04.048
https://doi.org/10.1016/j.scib.2024.04.048
https://doi.org/10.1016/j.scib.2024.04.048
https://doi.org/10.1016/j.neucom.2022.11.078
https://doi.org/10.1038/s41467-021-26048-7
https://doi.org/10.11676/qxxb2020.023
https://doi.org/10.11676/qxxb2020.023
https://doi.org/10.1126/sciadv.aba1482
https://doi.org/10.1038/s41586-024-07534-6

120

(GRERE T LE

[16]

[17]

[18]

[19]

[20]

[21]

[22]

23]
[24]

[25]
[26]

[27]

28]

[29]

[30]

[31]

[32]

[33]

tratropical teleconnection from an energetic perspective[J]. Chinese Journal of Atmospheric Sciences, 2024, 48(1): 218-227

Liu Ze, Lin Yutong, Cao Yue, et al. Swin Transformer: hierarchical vision transformer using shifted windows[C]//Proceedings of the
2021 IEEE/CVF International Conference on Computer Vision. Montreal: IEEE, 2021: 9992—-10002.

Fekadu K. Ethiopian seasonal rainfall variability and prediction using canonical correlation analysis (CCA)[J]. Earth Sciences, 2015,
4(3): 112-119.

Biabanaki M, Eslamian S S, Koupai J A, et al. A principal components/singular spectrum analysis approach to ENSO and PDO influ-
ences on rainfall in western Iran[J]. Hydrology Research, 2014, 45(2): 250-262.

Zhou Lu, Zhang Ronghua. A hybrid neural network model for ENSO prediction in combination with principal oscillation pattern ana-
lyses[J]. Advances in Atmospheric Sciences, 2022, 39(6): 889-902.

Kido S, Richter I, Tozuka T, et al. Understanding the interplay between ENSO and related tropical SST variability using linear inverse
models[J]. Climate Dynamics, 2023, 61(3/4): 1029-1048.

Wi, FEA, A2, 5. N T BEOR SR BN AL RIS [J]. KRR, 2022, 45(5): 641-659.

Yang Shuxian, Ling Fenghua, Ying Wushan, et al. A brief overview of the application of artificial intelligence to climate pre-diction[J].
Transactions of Atmospheric Sciences, 2022, 45(5): 641-659.

Fang Wei, Sha Yu, Sheng V S. Survey on the application of artificial intelligence in ENSO forecasting[J]. Mathematics, 2022, 10(20):
3793.

Ham Y G, Kim J H, Luo Jingjia. Deep learning for multi-year ENSO forecasts[J]. Nature, 2019, 573(7775): 568—572.

JAM, ALE, $A VK%, 4. 55T LSTM WR % > ¥y ENSO il M HAA RO 5T (1] L st K24 (A AFRER), 2021,
57(6): 1071-1078.

Zhou Pei, Huang Yingjie, Hu Bingyi, et al. Spring predictability barrier phenomenon in ENSO prediction model based on LSTM Deep
learning algorithm[J]. Acta Scientiarum Naturalium Universitatis Pekinensis, 2021, 57(6): 1071-1078.

Geng Huantong, Wang Tianlei. Spatiotemporal model based on deep learning for ENSO forecasts[J]. Atmosphere, 2021, 12(7): 810.

Ye Min, Nie Jie, Liu Anan, et al. Multi-year ENSO forecasts using parallel convolutional neural networks with heterogeneous architec-
ture[J]. Frontiers in Marine Science, 2021, 8: 717184.

Rui Chuang, Sun Zhengya, Zhang Wensheng, et al. Enhancing ENSO predictions with self-attention ConvLSTM and temporal embed-
dings[J]. Frontiers in Marine Science, 2024, 11: 1334210.

Lu Yunlong, FENG Jungiao, HU Dunxin. CMIP6 models simulation of the connection between North/South Pacific Meridional Mode
and ENSO[J]. Journal of Oceanology and Limnology, 2024, 42(2): 439—-453.

Lyu Pumeng, Tang Tao, Ling Fenghua, et al. ResoNet: robust and explainable ENSO forecasts with hybrid convolution and transformer
networks[J]. Advances in Atmospheric Sciences, 2024, 41(7): 1289—1298.

Behringer D, Xue Yan. Evaluation of the global ocean data assimilation system at NCEP: the Pacific Ocean[C]//Eighth Symposium on
Integrated Observing and Assimilation Systems for Atmosphere, Oceans, and LandSurface, AMS 84th Annual Meeting. Seattle, 2004.
Ouyang Daliang, He Su, Zhang Guozhong, et al. Efficient multi-scale attention module with cross-spatial learning[C]//ICASSP 2023-
2023 IEEE International Conference on Acoustics, Speech and Signal Processing. Rhodes Island: IEEE, 2023: 1-5.

Kirtman B P, Min D, Infanti J 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.

KGR, 2290, BT 4E A GCN-Transformer (2% %) ENSO FiNASEY [J]. WEvE2A3R, 2023, 45(12): 156—-165.

Du Xianjun, Li He. ENSO prediction model based on integrated GCN-Transformer network[J]. Haiyang Xuebao, 2023, 45(12): 156—165.


https://doi.org/10.11648/j.earth.20150403.14
https://doi.org/10.1007/s00376-021-1368-4
https://doi.org/10.3390/math10203793
https://doi.org/10.1038/s41586-019-1559-7
https://doi.org/10.3390/atmos12070810
https://doi.org/10.3389/fmars.2024.1334210
https://doi.org/10.1007/s00343-023-3024-6
https://doi.org/10.1007/s00376-024-3316-6

128 5884, K F Swin-Transformer A0} 25 @l & v 2 1 AL 19 ENSO i iy 121

ENSO prediction based on Swin-Transformer and spatio-temporal
fusion attention mechanism

Zhang Xiaozhi', Fang Wei"*?, Wang Haoxi'

(1. School of Computer Science & School of Software , Nanjing University of Information Science and Technology, Nanjing 210044, China;
2. China Meteorological Administration, China Meteorological Administration Basin Heavy Rainfall Key Laboratory/Hubei Key Laborat-
ory for Heavy Rain Monitoring and Warning Research, Institute of Heavy Rain, Wuhan 430205, China; 3. State Key Laboratory of Severe
Weather, Chinese Academy of Meteorological Sciences, Beijing 100081, China)

Abstract: The prediction of El Nifio-Southern Oscillation is one of the hot issues in climate change research. This
paper combines swin-transformer model with spatio-temporal fusion attention mechanism, and uses CMIP6 multi-
model simulation historical data from 1850 to 2014, SODA assimilated data from 1871 to 1979 and GODAS assim-
ilated data from 1980 to 2023 to construct El Nifio-Southern Oscillation prediction model —ENSO-STformer. The
model was fully trained on CMIP6 and SODA datasets and evaluated on GODAS data. The results show that the av-
erage skill of this model in predicting the Nifio3.4 index at 11-month lead times exceeds those of CanCM4, CCSM3,
and GFDLaer04 by 5.1%, 21.6%, and 12.4% respectively. Meanwhile, the Niflo3.4 index related skills of the pro-
posed model are significantly better than other deep learning models in the medium and long term. Effective ENSO
forecasts can be made for up to 24 months, and the 2015-2016 El Nifio event simulation shows strong ability to

cope with spring forecast obstacles.

Key words: deep learning; ENSO predicting; spatio-temporal fusion attention mechanism; convolutional neural network;

Nifo3.4 index
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