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Abstract 19 

Using data from 62 tropical cyclones (TCs) that landed in Guangdong Province in China between 20 

2000 and 2019, we calculated six indices—minimum central pressure, maximum wind speed, 21 

maximum rainstorm ratio, cumulative surface rainfall, cyclone track length and lifetime—and 22 

mailto:(es04csm@mail2.sysu.edu.cn)
http://www.liwenbianji.cn/


constructed a projection pursuit dynamic cluster (PPDC) model to assess TC damage risk. Although 23 

a single index may provide correct information on the intensity of certain types of damage, a 24 

comprehensive damage risk assessment cannot be obtained from individual indices alone. The 25 

PPDC model is a stable tool for TC damage risk assessment, especially in terms of economic loss, 26 

agricultural disaster area and disaster-affected population. Model validation improved the 27 

correlation of each of the indices. Output from the PPDC model for disaster-affected population and 28 

agricultural disaster-affected area also improved after model validation. We examined the 29 

limitations of the single indices using data from three TCs. Output from the PPDC model can 30 

closely reflect the intensity of the damage caused by the cyclones. Projection pursuit dynamic 31 

clustering is a new and objective method for typhoon damage risk assessment, and provides the 32 

scientific basis to support disaster prevention and mitigation. 33 

Keywords 34 

Tropical cyclone, Damage, Disaster assessment, Projection pursuit dynamic cluster35 

36 

1. Introduction 37 

Landfalling tropical cyclones (TCs) are usually accompanied by severe weather phenomena 38 

such as strong winds, heavy rains and storm surges, which cause heavy economic loss and large 39 

numbers of casualties in the affected countries and regions every year (Defu et al. 2009; 2014; Liu 40 

et al. 2020). Prevention and mitigation of disasters associated with TCs have always been a major 41 

concern. Therefore, research on typhoon intensity (Mei and Xie 2016), TC monitoring (Zhang et al. 42 

2014), intensity assessment (Song et al. 2020; Xing et al. 2011), and disaster prevention capacity is 43 

of great importance to society because it supports industrial and agricultural operations.  44 

Many damagerisk assessments focus on TC intensity, which is quantified by minimum sea 45 

level pressure or maximum surface wind speed and is strongly correlated with TC destructiveness. 46 

Meng et al. (2002; 2019) provided an overview of research on TCs that landed in China, tropical 47 

atmospheric dynamics, observations, and numerical predictions; they reported that large amounts of 48 

data on precipitation and TC track, intensity, and structure have been collected, and TC forecast 49 



techniques have also been developed. Guan et al. (2018) pointed out that the percentage and annual 50 

average intensity of TCs that landed in East Asia and Southeast Asia have increased significantly 51 

between 1974 and 2013. Yuan et al. (2021) developed a long and short-term memory (LSTM) TC 52 

intensity prediction model on the basis of artificial neural networks; the model can provide 53 

meaningful results for the prediction of TC intensity within 120 hours. Liou et al. (2018) found that 54 

the winter cold front affects TC tracks and increases TC intensities. Guo et al. (2020) considered the 55 

combined effects of wind, surge and waves and used the Generalized Pareto Distribution (GPD) 56 

model to predict the risk of coastal hazards caused by TCs. Zong and Chen (1999) highlighted that 57 

the most direct and effective means to prevent TC disasters include government-led engineering 58 

projects, education programs and insurance policies that aim to reduce damage from TC winds, 59 

floods and waterlogging. Choun and Kim (2019) used Monte Carlo simulations to estimate TC 60 

wind speed and probable maximum wind speeds. They constructed logic trees using the pressure 61 

difference at the center of simulated TC wind fields, pressure profile parameter, and radius to 62 

maximum wind; they reported that the logic tree reduced the uncertainty associated with the wind 63 

intensity model and produced simulated wind speeds with an acceptable level of accuracy. Using 64 

translation velocity, storm heading and relative intensity of TC tracks in the Northwest Pacific basin 65 

as key parameters, Li and Hong (2016) developed a probabilistic model, and reported that simulated 66 

TC tracks could adequately reproduce historical best track data. 67 

There are also TC intensity and damagerisk assessment models and systems that take into 68 

account other factors in addition to TC intensity. Fang et al. (2021) used the radius to maximum 69 

wind and a parameter of the shape of the pressure profile to reconstruct historical TC disasters, and 70 

introduced directional roughness length and a topographic speed-up factor. To build a wind hazard 71 

footprint dataset to promote risk assessment and disaster mitigation during TC events, Higa et al. 72 

(2021) integrated meteorological domain knowledge and developed a deep learning technique to 73 

estimate the intensity class of TC with high accuracy from a single satellite image. Hong et al. 74 

(2020) constructed a TC fast intensity model using the intensity and moisture dynamic equations 75 

and large-scale environmental features to predict the evolution of TC intensity; they estimated TC 76 

wind hazard along the southeastern coast of China, reported that model results were in close 77 

agreement with surface observations, and concluded that the model was suitable for engineering 78 

applications. Projection pursuit (Friedman and Tukey 1974; Glover and Hopke 1994) was first 79 



proposed in the 1970s; it is a set of data analytic techniques used to identify structures in large 80 

multivariate datasets, and has been widely used in hydrology and meteorology. Wang and Ni (2008) 81 

combined dynamic cluster with projection pursuit, and developed a projection pursuit dynamic 82 

cluster (PPDC) model; their results show that the PPDC model is a powerful multi-factor cluster 83 

analysis tool, which can be applied to the regional division of water resources in China. This model 84 

has a number of advantages: it does not require the input of artificial parameters, it is stable and 85 

easy to operate, and dynamic cluster produces objective and clear results.  86 

Damagerisk assessments provide the scientific basis for disaster prevention. In this study, we 87 

developed a landfalling TC classification index system using PPDC, TC intensity, track, duration 88 

and precipitation data from 45 TCs from 2000–2014. The PPDC model was validated using data 89 

from 17 TCs from 2015–2019. We introduce our data and methods in Section 2. Results are 90 

presented in Section 3. Section 4 provides a summary and discussion of the findings. 91 

2. Data and Methods  92 

2.1 Data  93 

Integrated Multi-Satellite Retrievals for Global Precipitation Measurement (IMERG) products 94 

provide precipitation measurements with high spatial (0.1° x 0.1°) and temporal (half-hourly) 95 

resolutions. They are a Level-3 dataset and there are three categories of output; Early Run and Late 96 

Run consist of near-real-time monitoring products with delays of 6 and 18 hours, respectively; Final 97 

Run is a late-stage, real-time research product with a 4-month delay. In this study, we used Final 98 

Run products (Sun et al. 2018), which are freely available through the website of NASA 99 

(http://pmm.nasa.gov/data-access/downloads/gpm). Final Run products are adjusted using monthly 100 

surface precipitation gauge estimates from weather stations (Chen et al. 2020). The rainstorm ratio is 101 

defined as the ratio between daily rainfall that is greater than or equal to 50 mm and daily rainfall 102 

that is greater than or equal to 10 mm. The maximum rainstorm ratio is defined as the maximum 103 

rainstorm ratio during a TC. During TCs, light rainfall is relatively rare. Therefore, we excluded 104 

daily rainfall that is less than 10 mm from our analysis. 105 

Best track data were obtained from the China Meteorological Administration (CMA) TC Data 106 

Center (http://tcdata.typhoon.org.cn) (Ying et al. 2014) and the Regional Specialized 107 

http://pmm.nasa.gov/data-access/downloads/gpm


Meteorological Center (RSMC) Tokyo-Typhoon Center 108 

(http://www.jma.go.jp/jma/jma-eng/jma-center/rsmc-hp-pub-eg/besttrack.html). Tropical cyclone 109 

positions, minimum central pressure, and maximum wind speed at surface level at 6-hourly 110 

intervals from July to October between 1979 and 2018 were available from both centers. Landfall 111 

locations in China were obtained from the CMA TC Data Center, and those in Japan were obtained 112 

from Digital Typhoon (http://www.digital-typhoon.org). Basic TC information such as time of TC 113 

birth and death, TC duration (hereafter referred to as lifetime), and minimum pressure is also 114 

available through the Digital Typhoon network. 115 

2.2 The PPDC model 116 

To retain the maximum amount of information and characteristics contained in the data, we 117 

analyzed the data from different angles to find the optimal projection direction. Projecting 118 

high-dimensional data on to a low-dimensional space allows for conventional and intuitive image 119 

analyses. Let the jth index of the ith sample be 
0

ij
x ( 1i ,…, n ; 1j ,…, m ; where n  is sample 120 

size, and m  is the number of indicators selected), and the PPDC model was constructed as 121 

follows: 122 

Step 1: Data standardization 123 

The data were standardized to minimize differences in magnitude. For a large evaluation index, 124 

Eq. 1 was used: 125 
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For a small index, Eq. 2 was used: 127 
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where 0
minj

x  and 0
maxj

x  are the sample minimum and maximum values of the jth index, 129 

respectively. 130 



Step 2: Linear projection 131 

High-dimensional data were projected on to a linear space. Suppose a

 is an m-dimensional 132 

projection direction vector; its components are ,, 21 aa … ma, , which correspond to the weights of 133 

1–m indicators. Suppose 1
1




m

j
ja , then the 

ijx  projection eigenvalue 
i

z  can be expressed as: 134 

1

m

i j i j
j

z a x


  2,1( i … ),n .       (3) 135 

Step 3: Construction of projection indicators 136 

To identify the optimal projection direction, high-dimensional data projections in 137 

low-dimensional space were clustered. Let Ω= },,,{ 21 nzzz   be the set of projected eigenvalue 138 

sequences of all samples. The set was dynamically clustered into p ( p n ) classes as follows: 139 

(1) Randomly select p points and use them as p convergent nuclei, which are denoted as 140 

0 0 0 0
1 2( , , , )

P
L A A A L . 141 

(2) Divide the points in Ω by 0
L ; the points are classified into p categories. The results are 142 

denoted as 0 0 0 0
1 1( , , , )

p
    L , 143 

where 0 0 0{ | ( ) ( ), 1,2, , , }
i i j

z d A z d A z j p j i        L , and 0( )
i

d A z  is the 144 

absolute distance between point 0
i

A  and any point in the set Ω. 145 

(3) Starting from  , calculate the new polynucleus 1
L , 1 1 1 1

1 2( , , , )
P

L A A A L , where 146 
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 . 147 

(4) Repeat the steps above to obtain a classification result sequence ( , )k k k
L   , where 148 
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 , the allowable 149 

error range is sufficiently small, and the algorithm is terminated. This algorithm is convergent. 150 

The set of projected eigenvalues of all samples belonging to the hth category is represented by 151 

( 1,2, , )h h p  L ; the absolute value of the distance between any two projected eigenvalues is 152 

defined as ( , )
i j

d z z ; 
1

( ) ( )
p

h

h

dd a D a


  represents the proximity of the samples within the class; 153 

,

( ) ( , )
i j n

h i j

z z

D a d z z


   is the degree of aggregation within the class. A small ( )dd a  indicates a 154 

high degree of aggregation of the samples within the class. 155 

The degree of projection dispersion is defined as 
,

( ) ( , )
i j

i j

z z

ss a d z z


  . It represents the 156 

degree of dispersion of the projected eigenvalues of all sample sequences. Large projected 157 

eigenvalues of all sample sequences result in large ss(a), and are associated with a high degree of 158 

dispersion. 159 

The projection index ( )QQ a  of the PPDC model is defined as: 160 

( ) ( ) ( )QQ a ss a dd a  .        (4) 161 

The projection index increases with increasing degree of projection dispersion, and with 162 

decreasing degree of clustering within the cluster. Maximum ( )QQ a  is a result of the optimization 163 

between maximizing inter-class sample distances and minimizing intra-class samples distances. 164 

Step 4: Model optimization 165 

We applied the immune evolutionary algorithm (Chen and Huang 2005; Guo ZL et al. 2006) to 166 

identify the optimal projection direction vector a
*
 corresponding to maximum ( )QQ a :  167 

Min )(aQQ          (5) 168 



s.t. 1
1




m

j
ja ,         (6) 169 

where s.t. indicates constrained optimization. 170 

2.3 Damage risk assessment indices 171 

We focused on six indices as indicators of TC destructiveness: minimum central pressure, 172 

maximum wind speed, maximum rainstorm ratio, cumulative surface rainfall, and TC track length 173 

and lifetime. Minimum central pressure (Knaff and Zehr 2007; Hoarau et al. 2017) is the lowest 174 

pressure at the TC center; a strong TC has a low minimum central pressure. Maximum wind speed 175 

is the maximum average wind speed near the TC center; a strong TC has a high maximum wind 176 

speed (Zhang et al. 2014). The maximum rainstorm ratio (Su et al. 2012) is the ratio between the 177 

maximum daily precipitation that is greater than or equal to 50 mm and the daily precipitation that 178 

is greater than or equal to 10 mm during a TC. The cumulative surface rainfall (Jiang et al. 2008; 179 

Zhou and Matyas 2021) refers to the cumulative rainfall generated by the TC during the lifetime of 180 

the TC; a TC with high intensity has a high cumulative rainfall. Track length (Nakamura et al. 2015) 181 

refers to the distance covered by the TC during its lifetime; a longer track length is associated with 182 

greater impact. Lifetime refers to the length of time between the birth and death of the TC; a TC 183 

with a higher intensity has a longer lifetime and poses a higher damage risk. 184 

3 Results 185 

3.1 PPDC model combines advantages of individual indices 186 

In this study, we used data from 62 TCs from 2000–2019. The PPDC model was developed 187 

using data from 45 TCs from 2000–2014, and it was validated using data from 17 TCs from 188 

2015–2019. Our landfalling TC classification index system consists of six indices. These include 189 

minimum central pressure, maximum wind speed, maximum rainstorm ratio, cumulative surface 190 

rainfall, and TC track length and lifetime. Examples of these data are shown in Tables S1 and S2. 191 

Using the PPDC model, the data were divided into two clusters using the following settings: m=6, 192 

n=45, p=2.The projection direction vector was *

a
uur

= (0.1667, 0.0933, 0.1667, 0.1733, 0.2000, 193 

0.2417). 194 



Although a single index may provide correct information on the intensity of certain types of 195 

TC damage, a comprehensive damage risk assessment cannot be obtained from individual indices 196 

alone. Figure 1a–e shows the correlation coefficients between five parameters representing five 197 

types of TC damage (affected population, agricultural disaster area, number of collapsed buildings, 198 

number of deaths and direct economic loss) and the six indices. The correlation coefficient between 199 

minimum central pressure and affected population is 0.388, and that between minimum central 200 

pressure and agricultural disaster area is 0.4478. For affected population (Fig. 1a) and agricultural 201 

disaster area (Fig. 1b), correlation coefficients with maximum wind speed (0.349 and 0.411, 202 

respectively) are smaller than those with cumulative rainfall (0.462 and 0.598, respectively) and 203 

those with track length (0.411 and 0.510, respectively). For the number of collapsed buildings, 204 

correlation coefficients with minimum central pressure and maximum wind speed are 0.423 and 205 

0.403, respectively, which are higher than the average value of the six correlation coefficients in Fig. 206 

1c by 0.148 and 0.128, respectively. For the number of deaths, the correlation coefficients with 207 

minimum central pressure and maximum wind speed are 0.301 and 0.303, respectively, which are 208 

higher than the average value of the six correlation coefficients in Fig. 1d by 0.137 and 0.139, 209 

respectively. For affected population, agricultural disaster area, and direct economic loss, 210 

cumulative rainfall has the highest correlation coefficient of the six indices; for affected population, 211 

the correlation coefficient with cumulative rainfall is 0.462, while the average value of the six 212 

correlation coefficients is 0.333; for agricultural disaster area, the correlation coefficient with 213 

cumulative rainfall is 0.598, while the average value of the six correlation coefficients is 0.374; for 214 

direct economic loss, the correlation coefficient with cumulative rainfall is 0.561, while the average 215 

value of the six correlation coefficients is 0.385. However, the correlation coefficient between 216 

cumulative rainfall and number of collapsed buildings (0.182) and that between cumulative rainfall 217 

and number of deaths (0.040) are low. For the number of deaths, maximum rainstorm ratio has the 218 

highest correlation coefficient of the six indices (0.324). However, the correlation coefficients 219 

between maximum rainstorm ratio and the other four parameters are low. The mean of the five 220 

correlation coefficients between maximum rainstorm ratio and the parameters is 0.116, and it drops 221 

to 0.063 when the correlation coefficient with the number of deaths is excluded from the calculation 222 

of the mean. For lifetime, the correlation coefficients with affected population, number of collapsed 223 

buildings, and direct economic loss are relatively high (0.302, 0.266, and 0.215, respectively), but 224 

are not among the highest of the six indices, and the correlation coefficients with agricultural 225 



disaster area (0.158) and number of deaths (0.014) are low. 226 

We calculated the average of the correlation coefficients for each of the five parameters in Fig. 227 

1. Direct economic loss has the highest average correlation coefficient (0.454), which is 0.081 228 

higher than the average value of the correlation coefficients of the other four parameters. 229 

Agricultural disaster area has the second highest average correlation coefficient (0.437), which is 230 

0.074 higher than the average value of the correlation coefficients of the other four parameters. The 231 

average correlation coefficient of affected population is 0.410, which is considerably higher than the 232 

average value of the correlation coefficients of the other four parameters (0.321). The average 233 

correlation coefficients of the number of collapsed buildings (0.313) and number of deaths (0.181) 234 

are lower, but remain higher than the average value of the correlation coefficients of the other 235 

corresponding four parameters. The PPDC considers all factors comprehensively, and TC hazard 236 

can be characterized by parameters such as affected population, agricultural disaster area, number of 237 

collapsed buildings, number of deaths and direct economic loss. The PPDC is a useful tool in the 238 

assessment of TC damage risk, and provides the scientific basis to support decisions for disaster 239 

prevention and mitigation.  240 

We validated the model using data from 17 TCs from 2015–2019 (Fig. 2). Model output (Fig. 2) 241 

and observations (Fig. 1) exhibit similar trends, and there are some deviations. The mean of all the 242 

correlation coefficients in Fig. 1 is 0.297, and that in Fig. 2 is 0.330. For affected population (Fig. 243 

2a), correlation coefficients with minimum central pressure (0.621), maximum wind speed (0.655), 244 

cumulative rainfall (0.550), and track length (0.568) are statistically significant, and are 245 

considerably higher than those in Fig. 1a. For agricultural disaster area (Fig. 2b), correlation 246 

coefficients with minimum central pressure (0.605), maximum wind speed (0.635), cumulative 247 

rainfall (0.405), and track length (0.442) are also high; coefficients with central minimum pressure 248 

and with maximum wind speed are higher than those in Fig. 1b; coefficients with cumulative 249 

rainfall and with track length are lower than those in Fig. 1b. For direct economic loss (Fig. 2c), 250 

correlation coefficients with minimum central pressure (0.413), maximum wind speed (0.516), 251 

cumulative rainfall (0.361), and track length (0.393) are relatively high, and are slightly smaller 252 

than those in Fig. 1c. For maximum rainstorm ratio, the trend in Fig. 1 is different from that in Fig. 253 

2; correlation coefficient with the number of collapsed buildings is relatively high in Fig. 2, but is 254 

not the highest of the six indices; in Fig. 2, the average value of the correlation coefficients between 255 



maximum rainstorm ratio and the other four parameters is 0.125. For lifetime, the trend in Fig. 1 is 256 

similar to that in Fig. 2; however, in Fig. 2, the correlation coefficients with the number of deaths 257 

(0.083) and with the number of collapsed buildings (0.061) are low. These findings may reflect the 258 

result of human defense against TCs; early detection of TCs increases the amount of time available 259 

for response and implementation of protection measures. For the number of collapsed buildings and 260 

the number of deaths (Fig. 2c–d), the average values of the correlation coefficients are low (0.220 261 

and 0.116, respectively). These results may indicate that coastal cities have fully taken into account 262 

TC damage risk in architectural design and construction between 2015 and 2019. Reinforcement of 263 

buildings has been accompanied by the implementation of effective governmental measures to 264 

minimize damage risk and reduce casualties. 265 

In Fig. 2, affected population has the highest average correlation coefficient (0.606) of the five 266 

parameters; this is 0.080 higher than the average correlation coefficients of the other four 267 

parameters in Fig. 2. The average correlation coefficient of affected population in Fig. 2 is also 268 

0.196 higher than that in Fig. 1. For affected population, the average correlation coefficient is 0.483, 269 

which is higher than that in Fig. 1 (0.437). For direct economic loss, the average correlation 270 

coefficient is 0.413, which is lower than that in Fig. 1 (0.454). The PPDC model can adequately 271 

characterize affected population, agricultural disaster area and direct economic loss caused by TCs. 272 

Because coastal cities have fully considered the impact of TCs on architectural design and 273 

construction, the correlation coefficients for number of collapsed buildings and number of deaths 274 

are relatively low. In Fig. 2 and for the number of collapsed buildings, the average value of 275 

correlation coefficients is 0.234, and the average correlation coefficients of the other four 276 

parameters is 0.220, which is lower than the corresponding value in Fig. 1. In Fig. 2 and for the 277 

number of deaths, the average value of correlation coefficients is 0.128, and the average correlation 278 

coefficients of the other four parameters is 0.116, which is lower than the corresponding value in 279 

Fig. 1. The government has taken an active role in TC defense; casualties have been reduced as a 280 

result of these defense measures. The PPDC model can provide stable indicators that can be useful 281 

for the assessment of TC damage risk. Model output can also reflect changes that arise from 282 

mitigation efforts, and can be useful to support decisions for disaster prevention and mitigation. 283 



3.2 Examination of different indices through case studies 284 

We compared PPDC output with the intensity of the damage caused by three TCs between 285 

2016 and 2018. For each of the six indices, we calculated the mean for each TC, and the mean for 286 

all three TCs (hereafter referred to as sample mean). Figures 3a and 4 show Typhoon Nida (2016), 287 

which started at 12.2° N, 127.6° E at 12:00 UTC on July 29, moved northwesterly, swept over the 288 

northern Philippines, and landed in Guangdong Province in China as a typhoon. The maximum 289 

wind speed of Nida was 30.9 m/s, which is 1.7 m/s lower than the sample mean; the minimum 290 

central pressure was 975 hPa, which is equivalent to the sample mean; the maximum rainstorm ratio 291 

was 0.1536, which is 76.04% that of the sample mean; the surface rainfall was 2.9×105 mm, which 292 

is 75.73% that of the sample mean; track length was 1,844 km, which is equivalent to the sample 293 

mean; lifetime was 78 hours, which is 23 hours lower than the sample mean (Fig. 5). Nida affected 294 

470,000 people, damaged 40,000 hectares of agricultural land, and resulted in the collapse of 200 295 

buildings, direct economic loss of 624.8 million yuan, and no casualties. The maximum wind speed, 296 

maximum rainstorm ratio, cumulative rainfall, and TC lifetime closely reflect the intensity of the 297 

disaster, while minimum central pressure and track length overestimate disaster intensity. Output 298 

from the PPDC model is 0.226, which is 61.41% that of the sample mean (Fig. 6); PPDC model 299 

output classifies Nida as a general TC, which is consistent with the damage caused by Nida. 300 

Figures 3b and 7 show Typhoon Khanun (2017), which started at 16.6° N, 131.4° E at 12:00 301 

UTC on October 11, crossed the northern part of the Philippines into the South China Sea in a 302 

westward direction, and landed as a severe tropical storm. The maximum wind speed of Khanun 303 

was 38.6 m/s, which is 6 m/s larger than the sample mean; the minimum central pressure was 955 304 

hPa, which is 13 hPa lower than the sample mean; the maximum rainstorm ratio was 0.2643, which 305 

is 130.84% that of the sample mean; the surface rainfall was 3.6×105 mm, which is equivalent to the 306 

sample mean; track length was 1,688 km, which is 89.44% that of the sample mean; lifetime was 84 307 

hours, which is 17 hours below than the sample mean. Khanun caused direct economic losses of 308 

about 1 billion yuan, affected approximately 570,000 people, damaged approximately 100,000 309 

hectares of agricultural land, and resulted in the collapse of a small number of buildings. The 310 

maximum wind speed and central air pressure closely reflect the intensity of the disaster; lifetime 311 

and track length underestimate disaster intensity; the maximum rainstorm ratio overestimates 312 

disaster intensity. Output from the PPDC model is 0.3125 (Fig. 6), which indicates a strong TC and 313 



is consistent with the actual situation. All indicators and PPDC model output closely reflect the 314 

intensity of the damage caused by Khanun. 315 

Figures 3c and 8 show Typhoon Mangkhut (2018), which started at 12.9° N, 165.3° E at 12:00 316 

UTC on September 7, moved westerly, landed in the northern Philippines, continued to move 317 

northwesterly, and finally landed in Guangdong Province in China as a strong typhoon. The 318 

maximum wind speed of Mangkhut was 56.6 m/s, which is 24.0 m/s higher than the sample mean; 319 

minimum central pressure was 905 hPa, which is lower than the sample mean by 58.0 hPa; 320 

maximum rainstorm ratio was 0.2645, which is higher than the sample mean; cumulative surface 321 

rainfall was 1.4×106 mm, which is 281% that of the sample mean; track length was 6,549 km, 322 

which is 247% that of the sample mean; lifetime was 234 hours, which is 124% that of the sample 323 

mean (Fig. 5). Mangkhut caused severe damage, affected 2.95 million people, and damaged 324 

approximately 260,000 hectares of agricultural land; it caused casualties and the collapse of 325 

approximately 1,400 buildings. Direct economic loss was approximately 14.4 billion yuan, which 326 

was the fourth largest economic loss of Guangdong since 2000. The maximum rainstorm ratio 327 

underestimates the intensity of the disaster; the maximum wind speed, central minimum pressure, 328 

cumulative rainfall, maximum rainstorm ratio, and track length overestimate disaster intensity. 329 

Output from the PPDC model is 0.8251 (Fig. 6), which is 124% that of the sample mean, which 330 

indicates a very strong TC and closely reflects the intensity of the damage caused by Mangkhut. 331 

4. Discussion and conclusions 332 

Using IMERG precipitation estimates from the TRMM satellite, CMA TC best track data, and 333 

data from Digital Typhoon, we examined 62 TCs that landed in Guangdong Province in China 334 

between 2000 and 2019. We assessed the TC damage using the indices of minimum central pressure, 335 

maximum wind speed, maximum rainstorm ratio, cumulative rainfall, TC track length and lifetime 336 

and a PPDC model. Our conclusions are as follows: 337 

(1) Although a single index may provide correct information on the intensity of certain types 338 

of TC damage, a comprehensive damage risk assessment cannot be obtained from individual indices 339 

alone. For minimum central pressure and maximum wind speed, correlation coefficients with 340 

various types of TC damage are high. The maximum rainstorm ratio is only highly correlated with 341 



the number of deaths. Tropical cyclone lifetime is only correlated with affected population. 342 

Cumulative rainfall is only correlated with affected population, agricultural area and direct economy. 343 

Direct economic loss is correlated with most indicators. 344 

(2) The projection direction vector of the PPDC model was *

a
uur

= (0.1667, 0.0933, 0.1667, 345 

0.1733, 0.2000, 0.2417). Output from the PPDC model can stably and adequately reflect the 346 

intensity of various types of TC damage, and especially that of direct economic loss, agricultural 347 

disaster area and affected population. 348 

(3) Model validation improved the correlation of each of the six indices with the five types of 349 

damage. For minimum central pressure, maximum wind speed, cumulative surface rainfall, and 350 

track length, correlations with affected population, agricultural disaster area and direct economic 351 

loss increased after model validation. The maximum rainstorm rate is only correlated with the 352 

number of collapsed buildings. Output of the PPDC model for affected population and agricultural 353 

disaster area also improved after model validation. The PPDC model is a stable tool for the 354 

assessment of TC damage risk. 355 

(4) We used the data from three TCs—Nida, Khanun, and Mangkhut—to examine the 356 

limitations of single indices. Output from the PPDC model can adequately reflect the intensity of 357 

the damage caused by the TCs. The PPDC can provide the scientific basis to support disaster 358 

prevention and mitigation. 359 

Projection pursuit dynamic cluster is a new and objective method for typhoon damage risk 360 

assessment. However, the model in this study needs to be further improved to reflect the complexity 361 

of TC damage risk. Future improvements include the use of indices that are related to physical 362 

quantities and increasing the sample size in model calculations. Output from our PPDC model 363 

includes high and low eigenvalues, which are not categorized according to intensity or grade. Future 364 

studies can develop models that can evaluate and classify landfalling TCs according to the damage 365 

caused by the TCs. 366 
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Figure captions 485 

Fig.1: Correlation coefficients between landfalling Tropical Cyclone (TC) classification 486 

indices and (a) affected population, (b) agricultural disaster area, (c) number of collapsed 487 

buildings, (d) number of deaths, and (e) direct economic loss. Correlation coefficients were 488 

calculated from the data of 45 TCs from 2000–2014.489 

Fig.2: Correlation coefficients between landfalling TC classification indices and (a) affected 490 

population, (b) agricultural disaster area, (c) number of collapsed buildings, (d) number of 491 

deaths, and (e) direct economic loss. Correlation coefficients were calculated from the data of 492 

17 TCs from 2015–2019.493 

Fig.3: TC track length, maximum wind speed, and lifetime for (a) Nida (2016), (b) Khanun 494 

(2017), and (c) Mangkhut (2018).495 

Fig.4: The daily precipitation changes of TC Nida in 2016 for (a) July 30, (b) July 31, (c) 496 

August 1, and (d) August 2. The red dot indicates cyclone location at 06:00 UTC of each day. 497 

The black line shows cyclone track. Colors indicate cumulative daily precipitation.498 

Fig.5: Average landfalling TC classification indices for three TCs. 499 

Fig.6: Average output from the projection pursuit dynamic cluster (PPDC) model for three 500 

TCs.501 

Fig.7: The daily precipitation changes of TC Khanun in 2017 for (a) October 12, (b) October 13, 502 

(c) October 14, and (d) October 15. The red dot indicates cyclone location at 06:00 UTC of 503 

each day. The black line shows cyclone track. Colors indicate cumulative daily precipitation.504 

Fig.8: The daily precipitation changes of TC Mangkhut in 2018 for (a) September 7, (b) 505 

September 9, (c) September 11, (d) September 13, (e) September 15, and (f) September 16. The 506 

red dot indicates cyclone location at 06:00 UTC of each day. The black line shows cyclone 507 

track. Colors indicate cumulative daily precipitation.508 



Figures

Figure 1

Correlation coe�cients between landfalling Tropical Cyclone (TC) classi�cation indices and (a) affected
population, (b) agricultural disaster area, (c) number of collapsed buildings, (d) number of deaths, and (e)
direct economic loss. Correlation coe�cients were calculated from the data of 45 TCs from 2000–2014.



Figure 2

Correlation coe�cients between landfalling TC classi�cation indices and (a) affected population, (b)
agricultural disaster area, (c) number of collapsed buildings, (d) number of deaths, and (e) direct
economic loss. Correlation coe�cients were calculated from the data of 17 TCs from 2015–2019.



Figure 3

TC track length, maximum wind speed, and lifetime for (a) Nida (2016), (b) Khanun (2017), and (c)
Mangkhut (2018).

Figure 4

The daily precipitation changes of TC Nida in 2016 for (a) July 30, (b) July 31, (c) August 1, and (d)
August 2. The red dot indicates cyclone location at 06:00 UTC of each day. The black line shows cyclone
track. Colors indicate cumulative daily precipitation.



Figure 5

Average landfalling TC classi�cation indices for three TCs. 



Figure 6

Average output from the projection pursuit dynamic cluster (PPDC) model for three TCs.

Figure 7

The daily precipitation changes of TC Khanun in 2017 for (a) October 12, (b) October 13, (c) October 14,
and (d) October 15. The red dot indicates cyclone location at 06:00 UTC of each day. The black line
shows cyclone track. Colors indicate cumulative daily precipitation.

Figure 8

The daily precipitation changes of TC Mangkhut in 2018 for (a) September 7, (b) September 9, (c)
September 11, (d) September 13, (e) September 15, and (f) September 16. The red dot indicates cyclone
location at 06:00 UTC of each day. The black line shows cyclone track. Colors indicate cumulative daily
precipitation.
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