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Fig. 1 Different ENSO index sea areas near the equator in the

Pacific Ocean
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25 M 196 % 7Y ( Model-Analog and Linear Inverse Models,
MA-LIM) F F ENSO 73 #r il i, #5478 9 s D>k H
FHY HOASALL BT Sy A 00 ks A28, LA B 2o A5 40 fof
A 27 P TR 30T RN Al 2 e i o S B B e v i A B
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BT, 3830 70 G A 2 1) b U nT L) FevF B 2 T
FEBY TN, 55 2 B A5 S 1 1 O AR L, OB Y T

PEATHIE A, O AE J) B3R . Geng Fl Wang!™ #f EN-
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il #18 ENSO Ry 2t F2 1 JE , BE % Ji& 75 H 5 4 i) 803000 14
€. A SCH) FH GCN il Transformer R 14 LA B HAE H:
sl N HT 0 BB 22 5, ek i R B T AT GON Al
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mr:

(1) % F 2t 7k Transformer 9 2% 1) £ i GCNTR #
B, RERS S BUXS ENSO $2 §if 20 1~ A B9 BT, [ Trans-
former B RIEHTINZ T 5 >, [ ENSOTR A £ T
3, AR B s R ER 4y B3 Y T 2% 300 T O il
BEAY

(2) GCNTR 51 A T FRRAE Rl & 1T BLH, #2285
Transformer it i i) ##1E 5 GCN i 42 #:1E #E 17 il &
P 1 IR B .
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3.1 HiEE

A SCAH T 55°8~ 60°N, B4 BR 4 i 11y SST 01§
R i (Heat Content, HC) 555 EIAE & #0543
BEAR N 50 x 5Oy LE 3 A A F- ¥ Nifio3.4 15 8 (5°8~
5°N, 170°~ 120°W i [l A (9 °F- £ SST 5 % ) 2 il ik
ENSO FF 1y F8br 2 — o Tl 25 i) B0 42 R fl A5 A
RUAH B A H 1955 5 B Be s (Coupled Model In-
tercomparison Project Phase 5, CMIP5) ( 1861-2004 4F ),
B g n 22 1 pron o 2R 8 4 2 i Bl
T B0 HE 15 16 WL 2.2.4( Simple Ocean Data Assimilation,
SODA) (18711973 4F) FI%5 5 Wt Ji o 8 6 1 ik B2
& ( Extended Reconstructed Sea Surface Temperature
Dataset, Version 5, ERSSTV5)., M3 55 ¥ 4 2 4 Bk i

¥ BORHF B R 48 & 91 £ 4E (Global Ocean Data As-
similation System, GODAS))?"(1984-2017 &),

3.2 GCNTR ##!

3.2.1 GCN M %&

RGN N —Fp LA R 25 M 1L | AE MR, 7
T2 28 sk, gilan, ABRSCR M HRE
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iy N L R S A B T AR X5 25 R AR B AN ),
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T, A 4 5RO R o RS0 i p 28 9 26 XF (K144
Y RFIE S BURE ) JF A 2 AR AR
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iR, E 5 CNN AAE T AH R, 05 J2 8 ik 0 151154
PP AT BB 5, T A A 48 BUREE . B2 T GCN
1) B BE R AR 4R O ¥, S8 T s 2k B4y
25 EU LA K P e e A R A TAE

i TE— 5K BB th A N AT A BT AR
A OB RFE, 597 s B FRAE T 20 N x D 45 BF X,
WA Z ] S84 OC RIE B — 1> N > N 4 1 08 4
Ao HE AT ITER, SBERE 1, ANEBER R 0,
X Fl A5 GCN Wit A o GCN 1R — i W 4, 2
R Z eI

H" = (DHADHHOW) (1)

A, A=A+T, DRI DR AMERER, X5
H D=3, Ays HAZ 5 — 2 BORRAE, X F 4 A2 5
HED R X5 W B o Je AE LM BT w8k 1 A
ZILWIT o — WA IO F —A> R BRI — A BT
PR, (DA TG ITZ M A 15 36 R A, K B
YE b GCN (i A, 283 45 1 Bl 2 5, 19 sl FR1E
X Z, SR, Joie h A 2 B )2, 5 8 Z )
RIS IE R AN SR, B A R IEZZAY . i, s
JZ GCN W 2% , i 75 PR %043 9l % F ReLU #1 Softmax,
MR 4% 2 A Xl

Z = f(X, A) = softmax(AReLU(AXW*)W").  (2)

GCN HA RPEAS Y0 25, ff FH BE HL W) 46 1k 1) 280
W, AT DL IR AT 50 IELRRAE, T CNIN A1 5 2K 4
YN 25 .
3.2.2 Transformer %%

Transformer f& H [ 7 NLP 45 38 1, FH T~ 72 A9 )
#% . Transformer X 5 1) R B E R T HEE N
(Self-attention) AL il #4711, FT8E T LATE A9 465 PR
T K AR A TE B L A9 PE# . Transformer H H]
1 encoder-decoder 45 14, 20 HL TR 4 W 2%, JF:
HERRWILSRTETHERE BA TR, N
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Table 1 List of CMIP5 patterns used for training
(520 HLH IR 5 2 P A A
BCC-CSM1.1-m hES L RILE R 18504F1 H 1 H 220124124 1H 1
CanESM2 INERAAGAEERI D0 18504F1 H 1 H 220054124 1H 5
CCSM4 S | ZRKAMFFE L 1850414 1 H 20054F12H 1 H 1
CESMI1-CAMS5 2 [ FE FRSFE O (NCAR) X HER R Fi 48 (CESM) BTk 1850414 1 H 20054F12H 1 H 1
CMCC-CM B b g AR f s 1850414 1 H 20054F12H 1 H 1
CMCC-CMS B b g AR f s 1850414 1 H 20054F12H 1 H 1
CNRM-CM5 WRE E R KRBT DO AR B SR L 18504F 1 A 1 H 520054F 12 1H 5
CSIRO-Mk3-6-0 PR 5T B 4L S R 2 AR e st o AR 18504F 1 A 1 H 520054F 12 1H 5
FIO-ESM T A AR BT IR — IR B 18504F1 H 1 H 20054124 1H 1
GFDL-ESM2G e [ [ GOMFPE AR A BB M R B A 3 2 50 18614F1 H 1 H 220054124 1H 1
GISS-E2-H 2 [ TR GBI E DT 185041 1 H %20054E12 1H 5
HadGEM2-AO FHESGIT IR 18604F1 H 1 H 20054124 1H 1
HadCM3 %nggﬁg}z% ;ﬁiﬁgﬁﬁigﬁgg ?2?;‘;?;%%3;% 18594124 1 H £20054F 12 1H 1
hugcpvz.ce O RRBHDLOMERMCRIBAIGEMIESIR, oy oo 1
IPSL-CM5A-MR 2 T E S AR I T E) 1850417 1 H 220054F12H 1 H 1
MIROCS RAGEERITI RERE), H KD 18504F1 4 1 H 220124F 12 1 H 1
H AT PE 5 b ER R H AR BLKY
MPI-ESM-LR T - W s RS B 18504F 1 A 1 H #20054F12H 1H 3
MRI-CGCM3 SR 18504F 1 7 1 H E20054F 12 1H 1
NorESM1-M WM 185041 7 1 H 220054512 1 H 1
NorESM1-ME WL 185041 H 1 H #220054F12H 1 H 1
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Fig.2 GCN structure
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H It A 8 00 248 J22 2 1, 50 O B 0 TSR RVRRAE S e
. Self-attention 153 iy A REAE 5 [A] — J2 H Ml A
FROEZ (BB G 2R, (A5 A B A1 s AR T A 2 3
(URARIESE IR PSS

Decoder 5 encoder 45 ¥4 AH b1, £ & i )77 i 2 (1
Self-attention J22 FI T 15 il 25 0 45 J22 P )22 ) 4% 25 149, 7
JHC TS — )2 2 3k E ) ML (Multi-head Atten-
tion) FEAS 2 o R AEASE Y i 000 s, b H A DA e
200 ) iy HE AN I 52 3 I e e A S, i LAASE TR o 4
i J2 > 5 Bl ASE 7 S5 30 %) Tt

Self-attention 4f & Transformer B9 #% .U~ , H: 45 #4
anlE 3b pros, HHEA Y
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Fig. 3 The basic structure and attention mechanism of the Transformer network
. K"’ .
Attention(Q, K, V) = Softmax (%‘T ) v, (3) EEREL — R, oA, BdEAY Transformer
k

L, 0(Query), K(Key) #1 V( Value) #F B T [ — %
A d N Key [ & RU4ERE . 5 G xT @ KIS FREE 5T,
SR )5 38 3 Softmax 4 0 — b A HER 400, 55
VAHIAS B R A 45 R .

BRI Z2 L B I HLE R 1 — 2P g3 B
HENZE MH AR LAPEAS 5 55 0. K
VAT RN, SRS, K WU S BT R AT DR
Ja Ha I — 2 AN R RS B 2 31 LI, S5
W 3¢ Fis.

3.2.3 GCNTR ##)

ENSO BG4t H A2 2%, A (] 1R 28 il ] — P R AE A
[a] 3ty DX % 5% o 72 2[R o il 40, SST ALX 4 EN-
SO I AN [R], B2 1) SST 5% X ENSO 5 i 16 K-
T 1 DRI R PG 1l DX RN AR R o DRt , 25 R AE Y
B HHE

AR SCHETF Mtk Transformer 4%, 53T T 5 A GCN-
Transformer( GCNTR) #% %, 45 & Transformer [ 25 [
4 R RRAIE B FE BE 1 GCN R 4% B TR e 1iE 42 B g
Mo, 7 Transformer 9 47 5% 2 h & 1F T W2 B
GCN M 45, I 5| ANRHAE @l 119 L 64T RRAE Rl
BERIMELLANIA] 4 PP o

AL — A2, — ARSI % )2 (Pateh Di-
vision, PD), — /> ¥ B9 Transformer 4i 15 2, — 4

I 2 T i 2 A GON 4%, i1 T GCN i J1] Fifi
ML A AR S804 T U0 25, BIVE ARSI 25 RE A 5%
PEIBURFAE, Sy 1 3k S RO 2 N B LG B R T
SR A ), PRI GONTR A i TG )22 GON R £ 2
& RUARE o g rh e~ ROR KRR T HE Al G AL
il 177 g Rl & # A RRAE AN Sh A RRAE, FLo AR B AR AE
ap FIE SR g1 o

g = Sigmoid [ f(g,.,) + f(@.)] » (4)
o, R WO, B R Ay — 4 ) i, )
SBF a Al g AT INALAT B B 1, S BARRAE 0 LA
I FREEER . WMAZWAERE 2 A8 A
f) SST( BN °C) A HC(°C) 73 &, iy H 2 A28 it J2:
Mt+1 A% ¢+23 H ) Nifo3.4 $8%
o = [Xpe. PDO)| + Xpoe KXo € RNDXC,

a, = Atten(a,_\)+a._, [=1,---,L,

a,., =FFN(LN(a))+a, [=1,--- L, (5)
& =GCNl(a.,),

g = GCN2(g)),

y=FClgxLN(gi) + (1 - g)ar.].

B S HE A R AN =0 (5) i, AR R
B, KA E R S0 — A AT 2 S AR
X, IR FOBE S5 1] (14 Vo 4 R A WL S Ol ARG 4 1) 4, A
7T AN BT b B 27 > B (0 RRAE, B S AT RS He )
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Fig.4 Framework of the proposed GCNTR model

(PD) #AE ¥ Ty A K00 534 48 B AH R A N A, RRAIE B S5
feRex < SRS R —YE i, p, Al p, T I
B RN, 4E 800 Coo PR U0 E0 IS 09 04 4t B2 2 (N,
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Hez [ &R 4 B 5 B (X, i AL, X FE, (5
ao LSBT R B 0 FIUAL B, R T SRR AE A AR
25 & IEAE R fi A 2% A 3 Transformer A9 45 5 2% 7 JE 17

0B I (Atten), B2 (3) AL, 1 & i MY 4
AN Q. K. VERIETF—HiANa, #7055 KW

MBS, B 5 4T Softmax #AE - A v AH R4S B it
ﬁ,p%, WU A S W, T PR T
AT Z MR AT B R A M 45 R . AT H— 1k (LN)
DL KT 45t ) 28 (FEN) #24F , 15 2 90 05 J5 ()RR 18], 45
G —1EIE TP )Z GON W 45 45 ) R AR AIE , 38 3
FROE L& T 1AL S TR A, B m ik A B e
JZ (Fully Connected Layer, FC) #7453 7l 2% £ .

4 BAES545RTe

4.1 HiEwLLE
A SCAd ] SST i 2 18 75 &2 ( Sea Surface Height,

SSH) S B XT Nifio3.4 544 I , 4 i 1 B4 CMIIPS
SODA. GODAS Al ERSSTVS #F £ i} i) _E i 48—, IF
LM E AL 5° < SO0 A%, SR J5 2F47 BEF-E A 3 A H
W8t BAE N Nifio3.4 8%k, A5 #% SST il SSH 4 Jf
YE RN 2545, Nifio3.4 15 BOVE bR % o FE I [A) 2 2 |
#H7 R 2 I 25 4 (CMIPS, 18612004 4F ), Il 45 4k
( SODA, ERSSTVS, 1871-1973 4 ), il i& 42 ( GODAS,
19842017 4 ), B 46 4 B K/ i 6 x 24 x 72, Hh 6
SRR, 24 F 72 F R B I v S B
42 SEIFE

A SCAH FH Adam AT B ARAL, 2828 0 S 0
FE % M R 0.001 B¢ 1, 7F Transformer FF ¥ 4% 2 %X
1206, FEE I h 9 8, p Fl p, IKE N 4 F1 6, PP
FEAR R O R BRI 7 2%
}:Ww—7>uaw—ﬁw)

12

" ¢§:WW—YY§:G’ =P,
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AR, YIRSy S S LI AR AN T A Y, R P, R R
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Z -1 W \/
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Fig. 5 GCNTR model prediction and observation
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Fig. 6 Various model prediction correlation coefficient
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Table 2 Model correlation coefficient comparison
PR A GCNTR ENSOTR CNN Transformer SINTEX-F
1 0.96 0.98 0.93 0.97 0.90
2 0.94 0.94 0.92 0.91 0.89
3 0.89 0.89 0.88 0.86 0.84
4 0.85 0.85 0.83 0.80 0.81
5 0.83 0.81 0.80 0.76 0.78
6 0.81 0.77 0.76 0.69 0.74
7 0.78 0.75 0.74 0.68 0.69
8 0.74 0.74 0.73 0.64 0.65
9 0.70 0.72 0.71 0.64 0.62
10 0.66 0.7 0.69 0.65 0.58
11 0.65 0.68 0.67 0.61 0.54
12 0.63 0.66 0.65 0.61 0.51
13 0.61 0.65 0.63 0.59 0.48
14 0.59 0.62 0.60 0.52 0.47
15 0.58 0.59 0.57 0.51 0.44
16 0.59 0.55 0.53 0.45 0.41
17 0.58 0.53 0.51 0.45 0.38
18 0.57 0.49 0.46 0.41 0.35
19 0.56 0.44 0.42 0.39 0.33
20 0.52 0.41 0.38 0.35 0.32
21 0.48 0.38 0.34 0.31 0.31
22 0.42 0.36 0.31 0.28 0.31
23 0.35 0.32 0.29 0.25 0.31
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Fig. 7 Additional evaluation metrics for various models
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ENSO prediction model based on integrated GCN-Transformer network

Du Xianjun1 , LiHe!

(1. College of Electrical and Information Engineering, Lanzhou University of Technology, Lanzhou 730050, China)

Abstract: El Nifio-Southern Oscillation (ENSO) is an anomaly in the Tropical Pacific Ocean sea surface that can
lead to extreme weather such as hail, floods, and typhoons, therefore, accurate prediction of ENSO is of great signi-
ficance. An integrated graph convolutional network-transformer (GCNTR) model is presented in this paper. Firstly,
transformer network is used to encode data features based on its strong focus ability of the global feature. Secondly,
GCN is employed to extract features from graph data, and finally introduces a gated feature fusion mechanism to
fuse the encoded features with the features extracted by GCN to achieve the accurate prediction ENSO. The results
indicate that the GCNTR model achieves the prediction of ENSO 20 months in advance, which is 3 months longer
than ENSOTR and 5 months longer than Transformer, and most of the prediction accuracy of the model is better

than other models. Compared to the existing methods, the GCNTR model enables better prediction of ENSO.

Key words: El Nifio-Southern Oscillation (ENSO); graph convolutional network (GCN); Transformer; graph convolution-
al network-transformer (GCNTR)
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