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Fig.1 RF method flow chart
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Tab.1 Predictors obtained from the primary selection
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2 FI—4F 10 J 8Bl 5 4 0.41
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Tab.2 Characteristic factors obtained from the secondary screening
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Fig.3 RR model training to fit forecasts and observations
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Tab.3 RR model forecast results of typhoon number in 2016—2020

244 ¥ 34T
A0y FHLAE ) . . . . .
Tov & R LaxTREE FIARRTR 2% T L RTREE FIAEXTR 2%
2016 4.00 5.42 1.42 453 0.53 13.25
2017 4.00 3.93 -0.07 3.78 -0.22 5.5
2018 6.00 4.70 1.30 21.67 3.92 -2.08 34.67
2019 3.00 5.31 2.31 77.00 4.01 1.01 33.67
2020 4.00 6.19 2.19 54.75 5.32 1.32 33.00
S E 4.20 5.11 1.46 38.13 431 1.03 24.02
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Tab.4 SVR model forecast results of typhoon number in 2016—2020
244 HF 3T
A0y FHLE
e RSN RAT FHIARXS DR 22 /% T (e R4 X2 P HIRRT R 2%
2016 4.00 3.97 -0.03 0.75 4.29 0.29 7.25
2017 4.00 3.23 -0.77 19.25 4.08 0.08 2.00
2018 6.00 3.79 -2.21 36.83 3.99 -2.01 33.50
2019 3.00 3.13 0.13 4.33 4.14 1.14 38.00
2020 4.00 2.99 -1.01 25.25 3.92 0.08 2.00
TR 4.20 3.42 0.83 17.28 4.08 0.72 16.55
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0.72, - HI A X 15 22 24 16.55%, #5516 [] 15 5 1k 43 3l
W1 0.31 1 7.47% , B8 H 24 A4~ PR Fui] 1 °F- 1
Y NP 22 /0 0,11, ~F- B AH X5 221870 0.73%

| 2.4 RFEZTR
i ifi I RF Jy i M T 4f , 1% ¥ n_estimators=50,
= n_jobs=-1, random_state=10, 4 il 5 -7y 24 4>
4 B, 5 a7 B A BT 45 5 022 5, P4 x 5 2%
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Fig.4 SVR model training to fit forecasts and ZEW 0.07, - BT i 22 Ik 2.2%;RF JrEN
observations [ 4002 248 S22 910 AL 1 5, 5000 o 5 251 3
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Tab.5 RF model forecast results of typhoon number in 2016—2020
244 T 3T
Ay FHLE
T {E P SFIRXHRZE % T PR PR 2%
2016 4.00 4.50 0.50 12.50 4.02 0.02 0.50
2017 4.00 3.76 -0.24 6.00 3.32 -0.68 17.00
2018 6.00 4.04 -1.96 32.67 431 -1.69 28.17
2019 3.00 3.81 0.81 27.00 3.30 0.30 10.00
2020 4.00 3.77 -0.23 5.75 331 0.69 17.25
B A 4.20 3.98 0.75 16.78 3.65 0.68 14.58
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Fig.5 RF model training to fit forecasts and observations
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Fig.6 GRU model training to fit forecasts and observations
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Tab.6 GRU model forecast results of typhoon number in 2016—2020

44T 34T
A0y DRV
BUlE PRI PIHXTRIEI% B TR FRIRIXT R 1%

2016 4.00 3.90 -0.10 2.50 4.04 0.04 1.00

2017 4.00 3.70 -0.30 7.50 3.98 -0.02 0.50

2018 6.00 3.32 -2.68 44.67 4.22 -1.78 29.67

2019 3.00 3.00 0.00 0.00 4.10 1.10 36.67

2020 4.00 22 -1.8 45.00 3.97 0.03 0.75
TIME 4.20 3.22 0.98 19.93 4.06 0.59 13.72
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Typhoon number prediction based on three machine learning algorithms

RONG Xin', QIN Weijian”, WEI Wenshan*
(1. School of Electronic Information,Guangxi Minzu University, Nanning 530006, China; 2.Guangxi Climate Center, Nanning 530022, China )

Abstract: In order to improve the prediction accuracy of annual number of typhoons affecting Guangxi, this
paper uses related methods to find high impact factor based on the sample data of typhoons affecting Guangxi
from 1951 to 2020 provided by Shanghai Typhoon Institute of China Meteorological Administration, the 88
atmospheric circulation feature quantities and 26 SST index data provided by the National Climate Center. In
view of the complexity of physical factors in typhoon number forecasting, in order to obtain more comprehensive
factor information, the random forest is used to screen the factors, and a prediction model for annual number of
typhoons affecting Guangxi utilizing three machine learning algorithms, i.e. Random Forest, Support Vector
Regression and Gate Recurrent Unit(GRU), is established. The results show that the prediction ability of using
factors selected by Random Forest screening is significantly improved, and the prediction ability of using
machine learning algorithms is higher than that of Ridge Regression method. Among them, GRU has the best
prediction, and the absolute error is reduced by 10.30% compared with Ridge Regression method, followed by
Random Forest and Support Vector Regression, with errors reduced by 9.44% and 7.47%, respectively.

Key words: the number of typhoons affecting Guangxi; feature selection; Random Forest; Support Vector
Regression; Gated Recurrent Unit



