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Tropical Cyclone Forecasting Based on Cross-modal Fusion and Multi-generators

LIU Qian' ,SUN Hu',GUI Yaocheng” and ZHOU Guogiang'*
1 School of Computer Science, Nanjing University of Posts and Telecommunications, Nanjing 210023, China
2 School of Modern Posts, Nanjing University of Posts and Telecommunications,Nanjing 210023, China

3 State Key Laboratory of Geo-Information Engineering,Xi’an 710018, China

Abstract Accurately predicting the trajectory and intensity of tropical cyclones(TCs) is essential for disaster mitigation and pre-
vention. Although deep learning-based advances have demonstrated great prediction performance,a majority of these methods on-
ly focus on unimodal data and overlook the rich correlations between different modalities. To fully leverage the rich information
contained in multimodal data,a novel framework for tropical cyclone forecasting based on cross-modal fusion and multi-generators
is proposed. The framework includes a multimodal feature extraction module,a cross-model feature fusion module and a genera-
tive adversarial network(GAN). The multimodal feature extraction module obtains feature representations from the best histori-
cal trajectory data,atmospheric reanalysis data and environmental field data respectively. The cross-model feature fusion module
fuses multimodal features through a novel cross-modal feature complementation strategy. GAN produces final TC predictions
through multiple generators. Additionally,a feature fusion loss is constructed to help boosting the model’s performance. Experi-
ments show that the proposed method can not only maintain high efficiency in training and inference stages,but also achieve bet-
ter prediction performance.

Keywords Tropical cyclone prediction,Cross-modal fusion, Multiple generators, Attention mechanism
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GIEHE B —4EE K EMR . Alemany 20 3 T 3¢ [ [E 5 M X
L 2 T P SORE — ZE B0 L 4 RNIN 931 I 4y <0 %
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Memory, LSTM) BRI 4 F T $ w55 #4007 S0 B3 19 < 38 750 )
PERETS . Ah . Wang 5557 XGE 3 TR BIR 1 S 158 4
ASFER T —A4~ CNN 45 8 1 $4H7 S0E B

TE PO SUNE R PN AE 55 b, 2% 0 R R s E
BB SR A e K R . Zhang U BT T — A4S WAy
H CNN SR FI A S HE MR & . Zhang 0K I 23 4 A 50 B
L2 R B AL T b Jiang 250 E OB R R 28 ek G
SNETE AR 22 AT IE . Ma 4R — A3 F Xeep-
tion (9 FAH SOBE 3R EE A T 5 1

SR 5 D BAASE S B0 h R IR R A+ 20 A PR S BB 52 42 3
PR e B 2k, B E R, TR REURH
Z 2B VIR K TG F T 205 2 R3S B BE AT A
SBEBM . Wang 5E00 4 H—Fiokt IR C R 5 285075 B 4
G A 0 PO SRE SR B T AR Y, Jiang S0 H — A 23 0]
TR IR 00 45, 6 22 4 3R B2 A2 i A B R gl AR,
Ma A507VRE 7 o 5 R 5 R0 AN IR AR g | AR AL, SR,
A [ 1) 22 450285 Tl 5 SR W R A 1K R AR 22 RE MR R S A TR] L 280
B 5k 2 X b B (1 22 BEES R AL E AT (] BAE T SO
WWIE DR BT BURAED . BARRRIERLA S YRR IR T
Bl Z T E R B TR A2 A A R AR 22 ) B 2k M R ek
SRR, Tk 3 4 TG B XU R 58 R B8 (R - (g 34
R TV T TR IR B ) S5 A ) A 5 S0 T 1 3 PR SOE AR A N 1
PITE B AN, B0 T KR T TE 1Y SCHE M B L 75 0] $ <hE 1
20 ] A A% 4 TH] RS U

R Tl A% 8 AT 55 U 5 vk TI0RG B I ) [R) R A 2D
BRI IRRR ZAL S B k. R T A P A SUE 5 8 A R
AR T 55 WSRO BN — B ) B, Tian S0V 42 H — R BT
38 O A0 A AR SRy T S R A A PG SO B R 0 R
T, Gan 25250 T 4 Fh 3 U8 B 2 S BERL, IR R T T W
0 S W v G B 2 O T 45 SR 0 S . Na 5020 fff i [l 75 4k
BMEQET — MR EHAMBA, Tong 450 F H ik iy
ConvLSTM™ /A5 7 #E 47 T , FLAT 7R 4 (9 A% 5 1 0 45 oo 14 T8
DUPOKS BE . A SR 40 15000 B b 190 0 — 2 W5 A 1) 003 T i B L OB K
— AR AR, B8 T A= Bl b R B SURE T R IS Bl X 8k, 7
BEEE W RAE S, TSN AR, 2Ff
TAEP SR T 2 F £ A BUAS B9 A BN B 4% (Generative
Adversarial Network, GAN) 7E WUl 17 A B3 7 10 8938 1. 3%
B & 3T 28 i A A9 GAN B RIS g 32 1 9% 1 T 30l <

D https://tedata. typhoon. org. cn/zjljsjj. html

BETI . (H X PG b RS2 A XA 24 b 0 52 B A B, 24
A W S 1R) A . — 77 T, 9T 00 38 5 KL e LOKG R 1) % /N TR g
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SHANL TR B, T EL A RS A A g R 1 22 L R 5
Al Jn

BFXF A 18] B, AR SCAR S — R T S RS A R £ R A
BB B S TN B B (CMF-TCMG) , Jl T 15 3 oK 2k 6 ~
24 WA SNE (9 32 B fa S B8 B . b T R e AR R A T
e BEH T — A RLAS Al A A, DL FE 40 R A S B Y
M B . O T e R TN R R AN K 0 T B ORI Y )
BRI 2 A A U A A B e . S T i — b (R 2 LS E
WA G R T —DRE IR, T RIRE R R E
JBE L7 SC R Al A R A 0 R I 4% R 2 R R B SR RS L T R SR
FA T — B fa] B 04 2 U0 AR ORI o 3P ASE AL (3 78T 4K A — 2
R BE /b T BB S BRI A7 s T [R) s Al o ARG T S R ket
ARG AN S E TR B A BURE . AT EE ST T .

DCMF-TCMG Fl FH 2 45 L4 Tl 55 155 25 il 6 o 42 155 #v s
ST T A o R T S T L ORI BE A ks AR R R L T
LB v T A A ) O

2) $ H — P 04 B A R AE B D 0k L 3 g AR A B AR 3R
T2 REA I A, B 02 0 BT <0 14 S 3R 301 T

3EAMGHE T Rl A R SR, e 2 B bl A R
PRI AU B AR 1 2 LS FRAE IO B S .
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2.1 HE&EHSA

A ST 1 B0 AL 4 - B U4 JR) (China Meteorological
Administration, CMA) fiz {E %L 7 4045 CMA-BST" | BR ¥ 1
KA O & A 0 55 FARFE 40 BT 80 ERASY AR 55 4 84
. CMA-BST " 4 B ZI il T #GH SIE i 38 A HR 1
ERAS TR F A AMREE T EE WAL ERELE A
Bl R L R SR BT AL 1 R W ER BT . PR B 3 B L 4T
AN JRy BR 1P L i — 25 b 78 T B SCOE JE TR B 8 0 T
7= A R A I AH DG ARAE

CMA B AL SR &£ (CMA-BSD ™ i B K 4 7 f
TURAE R EL AN R AT, LA SCARTE AT AR TR SR A R
HFAUNE T L AR R TEARE B R LR s R A AR Ak R L
AE R R RS L s AL R X SRR X T T A
PO SRR IR AR B LA R R AR A EER L, A
3 R SONE PO T R B 48 B LR B LR R AT XL X 4 A
REMW T BB A4 09,7 hPa Ml m/s, B 1632 4
BERIER 2R E . CMA B0H (4 B ) 43 398 - o 6 h, B i) 3 BBl R
1950—2019 4%, #f 3¢ X 48l 43 45 75 Jb K F ¥ (100°E — 180°E,
0°N—60°N), A BFHEMAL WXL H T IRABLRK
A ASE B VS A SRR AE L % X AT R B A

ERAS T 438 5080 42 ey K o 300 K S H 3R o0 & A,
PET A Ml T AN A R R R B R A PR s g, B

2 https://cds. climate. copernicus. eu/cdsapp\ # | /dataset/reanalysis-era5-pressure-levels?tab=overview
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FOE . LA O B8 1Y BT A ALt . AR SCR T ERAS
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RMIEAE R .

F 1 BTG

Table 1 Detailed component of the environmental field
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A% B A HE LR &
I % & 1950—2016 1317 43370
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3.1 EEEX
A SCHE ) CME-TCMG #5881 F T 7000 2 >k it 221 i) $ iy

SRR R . AT 55 T A — A~ B s T IR) A A B
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2 AT X BT 2 89 CMA £ Ffit ERAS a0 89 77 41
%f/: {AA,M,...
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Vg ot s Ve | o P T VAR A 20 0000 (0 VR 0 1 . S Y 1) R (A
ZHEBWMT .
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3.2 HEERIEE{KZeHY
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3.3 SIEBRYFMTEHKN
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F&in = O(Datacwa sWuire, ) 4
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Sub-trajectories

Multiple Generators

(MG) Potential Moving Tendencies

Best Track (1D Data) Fusion Module

ID useless LON LAT PRES WND YYYYMMDDHH Name
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10 1.0 3.96 -3.20 0.80 -0.80 1950110412  Billie
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Overall architecture of the CMF-TCMG model
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Structure of cross-modal feature complementation module
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Table 3 Comparisons of different data fusion methods
B A MDECE #) MAE(JE 5) MAER i)
VS 6h 12h 18h 24 h 6h 12h 18h 24h 6h 12h 18h 24 h
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Table 4 Comparison of different numbers of generators employed in the proposed model

MDE(F #) MAE(E #) MAECR %)
Tes ! Mpam 6h 12h  18h  24h 6h 12h  18h  24h 6h 12h  18h  24h
2 3794 3906778  32.50 60.45  90.30 125.53 2.09  3.28  4.35  5.32  L24  1.97  2.57  3.12
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Table 5 Comparison of different models on the CMA-BST dataset based on MDE and MAE
. MDE(E # ) MAE(JE 5%) MAERi# )
6h 12h 18h 24h 6h 12h 18h 24 h 6h 12h 18h 24h

LSTM 44,23 102. 24 177. 60 270. 84 — — — — — — — —
GRU 45. 85 104. 07 180. 29 275.77

NMPT 44,10 101.72 177.06 270.91 — — — — — — — —
DLM — — — — — — — — 1.09 1.85 2.48 3. 04
SGAN 28.88 61.75 98. 74 140. 61 1.91 12 4. 20 5.12 1.05 1.69 2.28 2.81
GBRNN 29.93 65.06 105. 74 152. 06 — — — — 1.16 1.89 2.52 3.10
MMSTN 27.57 59.09 96. 54 139.19 1.69 2.86 3.94 4.74 0.95 1.52 2.10 2.55
MGTCF 23.14 43.37 67.09 93.08 1.37 2.04 2.66 3.29 0.73 1.17 1.55 1.86
CMO 37.08 52.93 60. 69 75.49 2.67 4.30 5.04 6.31 2.29 3.45 2.75 5.00
A XH A 21. 04 38. 87 58.31 82.31 1.04 1.51 1.93 2.38 0.59 0.86 1.11 1.37
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Table 6 Comparison of the model complexity
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Table 7 Ablation results

MDE(§E #) MAE(E #) MAE(R %)

#A  ENV MG CMFC FL

6h 12h 18h 24 h 6h 12h 18h 24 h 6h 12h 18h 24 h
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Table 8 Comparison of the best prediction results from the proposed model and the suboptimal model MGTCF in the future 24 h

. % ) %)
4 5 Y S g g - -
R 6h 12h 18h 24h 6h 12h 18h 24h
s 130.60 129.80 129.40 129.20 33.00 34.00 35.20  36.70

1 MGTCF 130.57 129.62 128.92 128.44 32.61 33.60 34.70  35.74

B & X 130.63 129.75 129.17 128.97 32.90 34.03 35.16  36.29
FRANCISCO TS ZF -
Ao 129.80 129.40 129.20 129.30 34.00 35.20 36.70  37.80
2 MGTCF  129.51 129.02 129.01 129.17 33.96 35.18 36.29  37.33
A X 129.99 129.43 129.26 129.40 34.07  35.22  36.28  37.27
A 134.90 133.80 132.50 130.90 13.70 13.50 13.30 13.20
1 MGTCF  135.03 133.55 132.06 131.59 13.49 13.58 13.62  13.47
A X 134.95 133.71 132.33 130.95 13.51 13.28 13.17 13.10
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2 MGTCF 141.04 140.42 140.00 139.69 19.14  20.05 21.02  21.90
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Fig. 4 Prediction distribution of trajectory and intensity in the future 24 h
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