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Abstract: Tropical cyclone (TC), one of the worst natural disasters in China, has garnered a lot of inter-
ests for both its activity characteristics and disaster loss assessment, especially in the context of global
warming. In this paper, the combined weighting and k-means clustering methods are used to analyze the
spatial and temporal characteristics of TC and its disaster loss in China since 2000. In addition, the disaster
grade assessment model of TC based on machine learning algorithm is also constructed. The results show
that the frequency of TC landing in China is in a trend of decreasing year by year, but the maximum land-
ing wind speed has been slowly strengthening. Guangdong, Zhejiang, Fujian and Guangxi provinces are
seriously affected by TC, but overall, the comprehensive disaster index shows a downward trend. Com-
pared with the classic RF, SVM and NB algorithms, LightGBM (Light Gradient Boosting Machine) has
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the best performance in assessing the TC disaster loss, and the accuracy can reach 0. 91. Moreover, the

disaster-inducing factor is the most critical factor in the assessment model, followed by the disaster preven-

tion and mitigation, exposure and vulnerability indicators.

Key words: tropical cyclone(TC), disaster grade assessment, machine learning, LightGBM (Light Gradient

Boosting Machine)
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AR L T — i ASE AU 37 AT I SR R I, 3 SR
= 5 [\ 3 HL (support vector machine, SVM) | fifl &
M 4% (neural network, NN) | 2t 3 # (decision tree,
DT) . AhE I M- (naive Bayes, NB) &8, /N IA 45
(2011) LA#RVLAS S ] 36 B RGBSR o PR 1 DX 0 22 S
SRR MR AR B DL A KU R A5 N0 BE
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Table 2 Combined weight of each disaster index for the calculation of comprehensive disaster index
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Table 3 Comparison of the classification results

between k-means and typhoon disaster census

KEEFER k-means/ /> BRI T A /A
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BAR 114 71
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1.3 TCREGERTHERET
TE BRI I 25 27 o) B b L NB AGE BT A AR
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Fig. 2 Comprehensive disaster grade based on k-means
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Fig. 9 Interannual trend of (a) death population, (b) collapsed houses, (c) affected area, (d) direct
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&4 LightGBM WEHRARELERRMERSHAS
Table 4 Range and optimal combination of parameters in LightGBM

23 ER Sk TN T P AR Y TR AL
num_leaves e e R R 10,20,30,40,50] 20
max_depth PSR (1 B KR FEL5.6,7.8,9] 7

max_bin R RR5,10,15,20,25] 10
min _leafl M b /N B i 4 10,15,20,25,30] 20
fea_frac TE BRI AL 6 B 1 RRAE 1 [0. 6,0. 8,1. 0] 0.8
learn_rate W45 2%[0.01,0.03,0.05,0.10] 0.03
n_estimators 78Rk $(50,100,150,200,250] 200

x5 ETA4MNBEIEENTCRE
3R T 45 RATAE
Table 5 Prediction assessment of TC disaster based on

four machine learning algorithms

Bk EHER A% Fi-score  UERIFR
LightGBM 0. 88 0.93 0. 90 0.91
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NB 0.56 0. 60 0.57 0.58
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Fig. 10  Split numbers of different indexes in model
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