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Abstract
Typhoon catastrophes can seriously threaten national and regional security and develop-
ment. How to quantitatively portray the spatiotemporal characteristics and the causes of 
typhoon catastrophe losses will be an important subject of scientific research in terms 
of disaster risk reduction. In this study, the overall characteristics, spatial patterns, and 
main influencing factors of the losses caused by retired typhoons landing in mainland 
China from 2009 to 2019 were investigated, through the usage of improved typhoon dis-
aster index (G-index), spatial autocorrelation, and cold/hotspots analysis methods. The 
results showed that 18 retired typhoons affected 17 provinces in China from 2009 to 2019, 
among which the areas affected by minor, moderate, severe, and extremely severe disasters 
accounted for 38.02%, 44.16%, 13.84%, and 4.32%, respectively. The disaster has strong 
spatial clustering, and the hotspots based on the G index are the key areas to be concerned 
about prevention and mitigation against typhoon mega-disasters. Furthermore, the effects 
of exposed population, maximum wind speed, and maximum accumulative process precip-
itation on typhoon disaster losses were positively correlated, while the effects of exposed 
GDP (Gross Domestic Product) on disaster losses are weakly negatively correlated. This 
study identified the hotspots of typhoon catastrophes and underlined the efforts to formu-
late effective disaster risk reduction and build resilience.
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1  Introduction

Typhoon disaster that often causes huge casualties and property damage (Gao et al. 2014; 
Wang et al. 2021) is one of the most serious natural disasters in the world as well as in 
China (Schmidt et  al. 2010; Zhang et  al. 2017). For example, in 2013, typhoon Fitow 
caused direct economic losses of nearly US$5 billion in Ningbo, Zhejiang Province, China 
(Gu et al. 2018). Typhoon Meranti in 2016 was the strongest typhoon hitting Fujian Prov-
ince since 1950, and caused direct economic losses of US$255 million and 18 deaths 
(Yang et al. 2018). Typhoon Mangkhut in 2018 exposed much of China and the Philippines 
to its strong winds and heavy precipitation, caused the collapse of more than 3400 houses 
and damaged 341,400 hectares of crops in Guangdong and Guangxi, China (Niu et  al. 
2020; Zhang et al. 2021). There are 18 retired typhoons (According to the World Typhoon 
Committee, a retired typhoon is defined as a catastrophic typhoon that causes particularly 
significant property damage or human casualties, its name is removed from the nomencla-
ture, and the name is no longer used for other subsequent typhoons) that caused significant 
damage to China during 2009–2019 (Lei and Zhou 2012). Moreover, global warming may 
increase the frequency and intensity of typhoons in the northwest Pacific (Webster et al. 
2005; Cheng-lin et al. 2016; Park et al. 2017; Nerem et al. 2018; Wu et al. 2018), while 
the population and economy in coastal areas in China are increasing dramatically (Corban 
et al. 2017). China’s coastal areas are facing more severe typhoon disaster risks under rapid 
urbanization, economic growth, and climate change (Chen et al. 2017). Therefore, there is 
an urgent need to explore comprehensive study on typhoon catastrophe losses to improve 
disaster losses accounting, disaster forensics and risk modeling (De Groeve et  al. 2013; 
Zuzak et al. 2021).

Previous studies on typhoon disaster loss were mainly focused on three aspects. First, 
typhoon loss models were developed to evaluate the spatiotemporal characteristics of 
typhoon disasters in Germany, Fujian Province, Ningbo city, and Hainan Province of 
China, respectively (Klawa and Ulbrich 2003; Zhu et  al. 2017; Gu et  al. 2018). Second, 
future loss trends caused by tropical cyclones were studied in the context of global climate 
change. Gettelman et al. (2018), Chen et al. (2018), and Cha et al. (2020) predicted increas-
ing damage and impacts from future tropical cyclones based on global climate models. 
Third, assessing the damage and impact caused by individual extreme typhoon events as 
well as the influencing factors was focused. For example, Esteban et al. (2015) and Naka-
mura et  al. (2016) analyzed the damage of retired typhoon Haiyan in 2013. Ding et  al. 
(2020) revealed that the long residence time and high potential height were the main rea-
sons for the huge losses caused by typhoon Lekima in 2019. However, previous studies are 
less comprehensive for a series of typhoon catastrophes on a certain timescale with signifi-
cant socioeconomic impacts and losses, and the understanding of the overall characteristics 
of typhoon catastrophe losses, spatial patterns and their influencing factors is still insuf-
ficient. Therefore, this paper analyzes the catastrophe loss data of 18 retired typhoons in 
mainland China from 2009 to 2019 and explores the affected population, casualties, num-
ber of collapsed houses, affected crop area, direct economic loss and comprehensive disas-
ter characteristics of retired typhoons that landed in mainland China from 2009 to 2019 by 
using improved typhoon disaster index (G index), spatial autocorrelation and cold/hotspots 
analysis methods. Moreover, the influencing factors of disaster losses were identified, using 
the Ordinary Least Squares (OLS) model.

The following parts of this study contain three sections. Section  2 provides a brief 
description on the datasets and methodology used in this study. The temporal and spatial 



3227Natural Hazards (2023) 116:3225–3242	

1 3

characteristics of retired typhoons, their losses and influencing factors are presented in 
Sect. 3. Section 4 provides major conclusions of the study.

2 � Data and methods

2.1 � Data

The datasets used in this study mainly include typhoon disaster damage data, basic infor-
mation of retired typhoons, and the corresponding socioeconomic data.

Damage data include the number of people affected, houses collapsed, casualties, crop 
area affected and direct economic losses for the 18 retired typhoons that made landfall in 
China from 2009 to 2019. These data cover 1019 counties and districts in 17 provinces 
(Jilin, Liaoning, Hebei, Shandong, Henan, Jiangsu, Anhui, Shanghai, Zhejiang, Jiangxi, 
Fujian, Hunan, Guizhou, Yunnan, Guangxi, Guangdong, and Hainan provinces) of China. 
Damage data are obtained from the Yearbook of Meteorological Disasters in China 
(https://​data.​cnki.​net/​stati​stica​lData.), historical meteorological disaster census informa-
tion, and disaster statistics provided by relevant departments. Basic information about the 
18 retired typhoons is shown in Table 1. The best track data of the retired typhoons were 
obtained from Typhoon Online (https://​www.​typho​on.​org.​cn) (Ying et al. 2014; Lu et al. 
2021). Among them, typhoon intensity is determined according to the China Meteorologi-
cal Administration’s tropical cyclone classification standard (GBT 19201-2006). Typhoons 
are classified into six classes (tropical depression, tropical storm, strong tropical storm, 
typhoon, strong typhoon, and super typhoon) based on the maximum average wind speed 
near the bottom center. In this paper, typhoon 10 m wind field data and precipitation data 
were available from EAR5 reanalysis dataset with a temporal resolution of 1 h and spatial 
resolution of 0.25° × 0.25° (https://​cds.​clima​te.​coper​nicus.​eu).

Socioeconomic data include population and GDP grid data in the year of 2015. Popula-
tion data with a spatial resolution of 100 m × 100 m (http://​www.​world​pop.​org) were gen-
erated by employing methods of random forest and dasymetric mapping to spatialize the 
district and county census data into grid data. 2015 GDP grid data were obtained from the 
Earth System Science Data Sharing Platform (http://​www.​geoda​ta.​cn). Based on land use 
data, the district and county level GDP statistics are interpolated to produce the GDP kilo-
meter grid data.

The basic data include the standard base map of the standard map service system of the 
National Bureau of Surveying, Mapping, and Geographic Information. To eliminate the 
influence of prices, this paper introduces the fixed-base price ratio coefficient (this paper 
takes 2015 as the base year), which is obtained by converting the 1978 fixed-base price 
coefficient provided by the National Bureau of Statistics (http://​data.​stats.​gov.​cn).

2.2 � Methods

2.2.1 � Typhoon disaster index

To comprehensively assess the retired typhoon damage, this paper improves the Typhoon 
Disaster Index (ATDI) (Meng et al. 2007; Lei et al. 2009) by integrating the indicator of 
the affected population to form a new typhoon disaster index IG (called G index). IG is the 
sum of each damage index caused by a typhoon to a county. For comparison purposes, we 

https://data.cnki.net/statisticalData.
https://www.typhoon.org.cn
https://cds.climate.copernicus.eu
http://www.worldpop.org
http://www.geodata.cn
http://data.stats.gov.cn
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also normalized the IG (in the range 0–1). In the time series, we accumulate normalized IG 
and calculate the IGs for different years and for each retired typhoon, respectively. In the 
spatial distribution, we summed the IGs of all typhoons for each county or district to obtain 
a spatial pattern of the disaster loss index. The higher the IG, the higher the severity of dis-
aster losses. The formula of the typhoon disaster index IG (G index, hereafter) is expressed 
as follows:

Among them, Ip is the normalized affected population index; Id , casualties index; Ih , 
affected crop area index; Ie , collapsed house index; Im , direct economic loss index: The 
detailed formulas of these parameters are as follows:

In these formulas, p is affected population (unit: persons); d, number of casualties (unit: 
persons); h, affected crop area (unit: hm2); e, number of collapsed houses (unit: rooms); 
m, direct economic loss (unit: billion). To eliminate the influence of price, the fixed-base 
index is introduced. The calculation for fixed-based index economic loss is as follows:

where m0 is the direct economic loss of the current year, β, fixed-base index, and 2015 was 
taken as the base year in this study. The purpose of emending the economic losses in every 
year according to the base year is to eliminate price fluctuations and make the economic 
losses in different years comparable (Chen et al. 2009).

2.2.2 � Disaster loss classification

Based on the G-index value, the affected areas were classified into different damage 
levels through the orderly sample clustering analysis (optimal segmentation method). 
The method requires that the samples are arranged in a certain order and that the clas-
sification is not disordered, i.e., the samples in the same class must be adjacent to each 
other (Zhi et  al. 2019; Guo et  al. 2020). In essence, some division points are found 

(1)IG = Ip + Id + Ih + Ie + Im

(2)Ip =

{

log p − 2 p ≥ 10000 persons
p

10000
p < 10000 persons

(3)Id =

{

log d − 2 d ≥ 100 persons
d

100
d < 100 persons

(4)Ih =

{

log (15 × h) − 2 h ≥ 66.67 hm2

15×h

1000
h < 66.67 hm2

(5)Ie =

{

log e − 2 e ≥ 10000 rooms
e

10000
e < 10000 rooms

(6)Im =

{

log m m ≥ US$
10

6.2272
billion

m

10
m < US$

10

6.2272
billion

(7)m = m0 ⋅ �
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that divide the ordered sample into several subsegments, each of which is considered 
as a class. One basis for finding the optimal division points is usually to minimize 
the variation between samples within each segment and to make a greater variation 
between samples within each segment. Using B (n, k), for representing n ordered sam-
ples {× 1, × 2,…, xn} into k classes, this segmentation can be expressed as follows:

2.2.3 � Spatial pattern analysis

This paper explores the spatial distribution patterns of typhoon catastrophes through 
the spatial pattern analysis method. It mainly includes two types of autocorrelation 
analysis: global and local. The global autocorrelation method was used to analyze the 
spatial clustering state of typhoon disasters, while the local autocorrelation method 
was used to identify and locate the hotspots areas with severe typhoon impacts.

The global autocorrelation index, Moran’s I, can be calculated to reveal the spatial 
distribution of space relationship (Anselin et al. 2010). The formula is as follows:

where n is the number of areas affected by the retired typhoon; xi , G-index of county i, xj , 
take point j as the center, and the G index of its adjacent counties; and wij , adjacent matrix 
standardized by the columns. The value of Moran’s I is between − 1 and 1. If I is greater 
than 0, it indicates a positive spatial correlation and the spatial entities are clustered; con-
versely, if I is less than 0, then it indicates a negative spatial correlation and the spatial 
entities are dispersed.

To identify the hotspots that are severely affected by the retired typhoons, the 
local autocorrelation method, Getis-Ord Gi*, was used to identify the spatial clusters 
of losses caused by the retired typhoon disasters that made landfall in China during 
2009–2019. The Getis-Ord Gi* is expressed as follows:

where xi is the attribute value of element j; wij is the spatial weight between elements i and 
j; n, the total number of elements.

(8)

P1 =
{

i1, i1 + 1… i2 − 1
}

,

P2 =
{

i2, i2 + 1… i3 − 1
}

,

………

Pk =
{

i
k
, i

k
+ 1… n

}

.

(9)I =
n
∑n

i=1

∑n

j=1
wij

�

xi − x
��

xj − x
�

∑n

i=1

∑n

j=1
wij

∑n

i=1

�

xi − x
�2

=

∑n

i=1

∑n

j≠1
wij

�

xi − x
��

xj − x
�

s2
∑n

i=1

∑n

j≠1
wij

(10)s2 =
1

n

∑

j

(xi − x)2 x =
1

n

n
∑

i=1

xi

(11)G∗
i
=

∑n

j=1
wij(d)xj

∑n

j=1
xi
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2.2.4 � Analysis of influencing factors

The Ordinary Least Square (OLS) model was used to analyze the attributing factors to the 
losses of typhoon disasters. Based on the experience of previous scholars and the availabil-
ity of data (Yin et al. 2013; Li et al. 2016; Liu and Xu 2020), seven factors were selected 
to analyze influencing factors in this study, including exposed population, exposed GDP, 
tertiary industry share, number of hospital beds, arable land area, maximum wind speed, 
and maximum cumulative process precipitation.

For the maximum wind speed and precipitation, the 10 m wind speed field data and pre-
cipitation data were converted into gridded data, and the maximum wind speed and maxi-
mum cumulative process precipitation for each municipality were extracted for multiple 
typhoons. Finally, the maximum wind speed and maximum cumulative process precipita-
tion for each affected city were extracted by kriging interpolation into raster data and then 
using the zonal statistics function. The seven factors were all normalized with the follow-
ing equations (Shao et al. 2020; Ahmad et al. 2021).

Seven factors were subjected to the OLS model for calculation and were required to 
pass a test of P < 0.01. VIF (variance inflation factor) < 7.5. Factors that do not pass will be 
excluded. The VIF is used to test for global multicollinearity, where the larger the value the 
more severe the collinearity and the more likely the data are to be redundant. The threshold 
value for VIF is usually set at 7.5 in OLS models (Ahmad et al. 2021). The OLS model 
aims to explore the regression of the independent variable on the dependent variable within 
the overall region:

In the formula, yi is the dependent variable (disaster index G) at position i in space; 
β, the spatial intercepts of squares; �k,the regression coefficient of the “kth” independent 
variable (driver); xik , the value of the “kth” independent variable (driver) taken at position 
i in space, and �i , the residual of the algorithm. The analytical framework for screening the 
influencing factors is shown in Fig. 1.

3 � Results

3.1 � Characteristics of retired typhoons in mainland China from 2009 to 2019

According to China’s Tropical Cyclone Rating Standard (GB/T19201-2006), 11 out of 18 
typhoons retired during 2009–2019 were super typhoons (Table 1). Among them, Typhoon 
Haiyan in 2013 had the maximum wind speed (78 m/s) and the minimum central pressure 
(890  hPa). 18 retired typhoons affected 17 provinces in China, and the most frequently 
affected province was Guangdong Province, with 11 times (Fig. 2). About 126 million peo-
ple were affected by the 18 retired typhoons during 2009–2019, with more than 20,000 

(12)A =

xi − min
1≤i≤n

{

xj
}

max
1≤i≤n

{

xj
}

− min
1≤i≤n

{

xj
}

(13)yi = � +

n
∑

k=1

�kxik + �i
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life casualties, around 230,000 houses collapsed, more than 10 million hectares of crops 
affected, and the US$75 billion direct economic losses (at 2015 baseline prices, eliminat-
ing the price increase factor).

The years with the highest number of retired typhoons were 2009, 2013 and 2016, 
with three retired typhoons in each year. In terms of the losses, the largest number of the 
affected population (about 30 million) and collapsed houses (70,000) happened in 2013; 
the largest number of casualties (14,000 people) was in 2009; the largest area of affected 
crops (2.35 million hectares) was in 2018; the most serious direct economic losses (more 
than the US$16.8 billion) occurred in 2019. Except for the year with the least collapsed 
houses (0.19 million houses) in 2017, the year with the least losses was 2012. The highest 
value of the combined disaster index (G) was 207.96 in 2013 as shown in Fig. 3, indicating 
that the most serious damage was caused by the impact of retired typhoons in 2013.

In terms of a single retired typhoon, typhoon Rumbia in 2018 affected the largest area 
of crops (more than 2 million hectares), and the largest number (more than 15 million) of 
people affected. Typhoon Lekima in 2019 caused the most serious direct economic losses 
(more than the US$8.627 billion). Typhoon Ketsana in 2009 caused the largest number of 
casualties (more than 7200 due mainly to injuries and illnesses). Typhoon Meranti in 2016 
caused the largest number (18,000) of collapsed houses. In contrast, typhoon Haima in 
2016 caused the fewest casualties (0). Typhoon Ketsana in 2009 caused the fewest affected 
population (1.4 million), affected crop areas (50,000 hectares), collapsed houses (0.22 mil-
lion) and direct economic losses (the US$38 million). To further reveal the overall degree 

Fig.1   Analytical framework for influencing factor analysis
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Fig. 2   Spatial distribution of the occurrence frequency of typhoon during 2009–2019

Fig. 3   Interannual variation of disaster index of retired typhoon during 2009–2019
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of the disaster by G index, we found that typhoon Lekima in 2019 caused the most severe 
damage with the highest disaster index of 119.20, while typhoon Ketsana in 2009 caused 
the least damage with the smallest disaster index of 9.43 (Fig. 4).

3.2 � Classification and spatial pattern of retired typhoon disaster losses

3.2.1 � Spatial distribution of disaster losses

The spatial distribution of retired typhoon disaster losses in different affected regions was 
obtained by normalizing the affected population, casualty population, number of collapsed 
houses, affected area of crop and direct economic loss as well as spatial analysis of cold/ 
hotspots (Fig. 5).

During the period 2009–2019, the population affected by retired typhoons was mainly 
distributed in Hainan Province and the Leizhou Peninsula, as well as in the eastern part of 
Fujian, Zhejiang, and Jiangsu provinces (Fig. 5a). The average proportion of Ip in the IG is 
up to 54%, indicating Ip is an essential component of IG. Spatially, the minimum value of 
Ip for each county is 0, and the maximum value is 23.44. The maximum value is located 
in Wanning City, Hainan Province, which has the largest cumulative population affected 
(more than 1.4 million people). In terms of the individual typhoons, the maximum value 
of the Ip is 119.20 (Lekima) and the minimum value is 9.43 (Ketsana). The regions with 
high casualty population normative index were mainly concentrated in the coastal areas 
of Hainan Province, the eastern coastal areas of Zhejiang and Fujian Provinces (Fig. 5b). 
Among them, the highest casualty population normative index was 5.18 in Dongfang City, 
Hainan Province, with normative number of casualties (nearly 9000), due mainly to more 
than 6000 injured and sick people caused by Ketsana in 2009.

The areas with the most collapsed houses were mainly concentrated in the Leizhou 
Peninsula, the border of Guangxi and Guangdong provinces, the eastern parts of Zheji-
ang and Fujian Provinces, and the central parts of Shandong Province (Fig. 5c). Among 
them, the highest normalized index of collapsed houses was 2.35 in Wenchang City, 
Hainan Province, with the largest number of collapsed houses (more than 20,000). The 
regions with the largest area of crop were concentrated on the Leizhou Peninsula and 
its surrounding Guangdong and Guangxi Provinces, southern Liaoning Province and 

Fig. 4   Disaster index of the 18 retired typhoons during 2009–2019
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northern Shandong and Anhui provinces (Fig.  5d). In particular, Shangsi County in 
Guangdong Province has the highest index of crop disaster (2.6), with the affected crop 
area up to 230,000 ha. High values of direct economic losses were mainly distributed 
in northeastern Hainan Province, southwestern Guangdong Province, eastern Fujian 
and Zhejiang Provinces, and central Shandong Province (Fig.  5e). Among them, the 
highest normalized index was 3.63 in Linhai City, Zhejiang Province, and direct eco-
nomic losses amounting to the US$1863 million.

Fig. 5   Spatial distribution of the standardized index of retired typhoon disaster in 2009–2019 a affected 
population, b casualties, c collapsed buildings, d affected area of crops, e direct economic loss; ① Wanning 
City, ② Dongfang City, ③ Wenchang City, ④ Shangsi County, ⑤ Linhai City, ⑥ Leizhou Peninsula
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3.2.2 � Classification of disaster losses

The G index is a composite loss index made up of a combination of five disaster index 
(affected population, number of casualties, affected crop area, collapsed house, and direct 
economic loss). Because it is important to determine the spatial distribution of the dis-
aster damage level in order to carry out services for typhoon prevention and mitigation. 
Therefore, this study classified four disaster levels (minor, moderate, severe and extremely 
severe) according to the ordered sample cluster analysis method (Table 2), and their spa-
tial distribution is shown in Fig.  6. The results show that there were 384 counties and 
districts within minor loss level (accounting for 38.02% of the total affected areas). Four 
hundred fifty counties and districts (accounting for 44.16%) belonged to moderate loss. 
One hundred forty-one counties and districts (accounting for 13.84%) belonged to severe 
damage levels, while 44 counties and districts (4.32%) were hit by retired typhoons with 
extremely severe losses. The minor and moderate disaster losses are mainly located in 
the inland areas, while the severe and extremely severe disasters are concentrated in the 
eastern coastal areas (Fig. 6). In short, the disaster loss level showed a gradual decrease 

Table 2   Disaster loss classification of retired typhoons during 2009–2019

Disaster loss level Minor Moderate Severe Extremely severe

IG IG ≤ 0.066 0.066 > IG ≤ 0.23 0.23 > IG ≤ 0.45 IG > 0.45

Fig. 6   Spatial distribution of classification of retired typhoon disaster loss in 2009–2019
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from coastal to inland provinces, with the coastal areas being more severely affected by 
typhoons. This result is consistent with the results of the spatial distribution of the impact 
intensity of landfall typhoons analyzed (Wu et al. 2020).

3.2.3 � Hotspots of the disaster situation

The value of Moran’s I helps to further demonstrate the spatial pattern of typhoon disaster 
losses by considering spatial autocorrelation relationships. The Moran’s I value of disaster 
index G in this study was positive (0.41) with 99% confidence level, indicating that the 

Fig. 7   The analysis of cold/hotspots of the disaster of retired typhoons in 2009–2019 a affected population, 
b casualties, c collapsed buildings, d affected area of crops, e direct economic loss, f index of G 
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retired typhoon disaster had strong spatial clustering. At the same time, the local autocorre-
lation Getis-Ord Gi* method was used to analyze the hotspots of five loss indicators and G 
index and their ratio to the total affected areas, so as to determine the spatial distribution of 
hotspots. The warmer the color of the spots in Fig. 7 indicates the more severity and con-
centration of the disasters, while the colder the color of the spots indicates the less impact 
of the disasters.

A total of 318 counties and districts with direct economic losses were hotspots, account-
ing for 31.21% of the total affected counties and districts. The hotspots were mainly dis-
tributed in the eastern coastal Provinces, including Hainan Province, Guangxi Province, 
Guangdong Province, Fujian Province, Zhejiang Province, and northern Shandong Prov-
ince (Fig. 7e).

Figure 7f shows the cold/hotspots of the G index, indicating the overall spatial distribu-
tion characteristics of losses caused by the 18 retired typhoons. Two hundred seventy-eight 
counties and districts were hotspots, accounting for 27.28% of the total affected counties 
and districts. The hotspots were mainly distributed in Hainan Province, Guangdong Prov-
ince, southern Guangxi Province, Zhejiang Province, and eastern Fujian Province. It sug-
gested that these areas had a concentration of damage and are more vulnerable to typhoon 
disasters.

3.3 � Influencing factors of retired typhoon losses

Establishing an objective and effective indicator system is an important way to analyze the 
causes of typhoon disaster losses. In this paper, through the OLS model, according to the 
principle of P < 0.01 and VIF (variance inflation factor) < 7.5, three influencing factors of 
tertiary industry share, total number of sickbeds and arable land area were excluded (Shao 
et al. 2020; Ahmad et al. 2021). Finally, the effects of four factors on the disaster index 
G are analyzed including the exposed population, the exposed GDP, the maximum wind 
speed, and the maximum accumulative precipitation. The degree of fit (R2) is 0.4 and the 
results are well explanatory (Table 3).

Among the four influencing factors, the exposed GDP was negatively correlated with 
disaster loss. This may be higher GDP means higher exposure, but also higher economic 
development. Cities with higher levels of economic development have better infrastruc-
ture and resilience to disasters and better mitigation measures. As a result, there is a 
weak negative correlation between GDP and losses. Thus, the overall disaster loss may 
be relatively small. The exposed population, the maximum wind speed and the maxi-
mum precipitation had positive correlations with disaster loss, that is, the larger val-
ues of these factors, the more serious of the disaster loss. Among the four factors, the 
exposed population has the largest correlation coefficient (0.35) with the disaster losses, 

Table 3   Main indicators of OLS 
regression model

Driving factors Coefficient Significance VIF

Exposed population 0.35 p < 0.01 3.20
Exposed GDP − 0.25 p < 0.01 3.15
Maximum wind speed 0.22 p < 0.01 3.43
Maximum accumulative 

precipitation
0.13 p < 0.01 3.40
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indicating that the exposed population may be an essential factor that is attributed to the 
losses of the retired typhoons during 2009–2019.

4 � Conclusion

In this paper, we used the data of delisted typhoon losses in mainland China during 
2009–2019 to classify the disaster levels by calculating the typhoon disaster index, 
explore the hotspot areas of typhoon mega-disasters by spatial pattern analysis, and ana-
lyze the influencing factors of typhoon losses by OLS model. The main conclusions are 
as follows:

(1)	 The 18 retired typhoons during 2009–2019 affected 17 provinces, and Guangdong 
Province suffered the most attacks (11 times). The areas with the most severe damage 
in terms of population affected, number of collapsed houses, casualties, crop damage 
and direct economic loss for the 18 retired typhoons were Wanning City, Wenchang 
City and Dongfang City in Hainan Province, Shangsi County in Guangxi Province and 
Linhai City in Zhejiang Province. And the disaster losses have a strong spatial cluster-
ing.

(2)	 Three hundred and eighty-four counties and districts are a minor disaster, accounting 
for 38.02% of the total affected area; 450 counties and districts are a moderate disaster, 
accounting for 44.16% of the total affected area; 141 counties and districts are a severe 
disaster (accounting for 13.84%); 44 counties and districts are an extremely severe 
disaster (accounting for 4.32%). The levels of disaster losses decrease from coast to 
inland in space, and the hotspots of typhoon losses are mainly concentrated in coastal 
provinces. Hainan Province, southern Guangxi Province, Guangdong Province, Fujian 
Province and eastern Zhejiang Province were the hotspots in terms of disaster losses.

(3)	 Among the four influencing factors, i.e., exposed population, exposed GDP, maximum 
wind speed and maximum accumulative precipitation, three are positively correlated, 
except for exposed GDP which has a weak negative correlation with disaster losses. 
Among them, the correlation coefficient of the exposed population on disaster losses 
was the largest at 0.35, indicating the exposed population having the largest influence 
on disaster losses among the four factors. However, this study presents a preliminary 
analysis of the loss influencing factors of 18 retired typhoons in mainland China from 
2009 to 2019 using the OLS model, and future studies are needed to further explore 
the typhoon hazard, exposure and vulnerability and their roles in catastrophic typhoon 
losses.
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