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Abstract21

Rapid intensification (RI) of tropical cyclones (TCs) provides a great challenge in op-22

erational forecasting and contributes significantly to the development of major TCs. RI23

is commonly defined as an increase in the maximum sustained surface wind speed of at24

least a certain threshold within 24 h. The most widely used threshold is 30 kt (15.4 m/s),25

which was determined statistically. Here we propose a new definition for RI by objec-26

tively clustering TCs using the intensification rate, initial intensity, and radius of the max-27

imum wind speed. A group of 770 samples is separated at a threshold of 45 kt (23.2 m/s).28

The threshold is 40 kt (20.6 m/s) for the western North Atlantic, where TC size mea-29

surements are more reliable. Monte Carlo experiments demonstrate that the proposed30

threshold is robust even considering the uncertainty in RMW of as high as 30 km. We31

show that, when a TC undergoes RI, its maximum wind speed is approximately 60 ±1532

kt (30.9 ±7.7 m/s) and the radius of the maximum wind speed is 45 ±20 km. The new33

threshold outperforms the conventional threshold of 30 kt/24h in describing the bimodal34

distribution of lifetime maximum intensity, and explaining the annual count of Category35

5 TCs. This new definition provides a more physically-based threshold and describes a36

more reliable representation of extreme events. Although more comparisons are needed37

for operational application, it is likely to be desirable for case-based process studies, and38

could provide a more valuable metric for TC intensification classification and research.39

1 Introduction40

Rapid intensification (RI) is the dramatic strengthening of a tropical cyclone (TC)41

over a short period and poses a challenge for short-term weather forecasting and TC sim-42

ulation (Rappaport et al., 2012; Rogers et al., 2013; Kaplan et al., 2015; Cangialosi et43

al., 2020; DeMaria et al., 2021; L. Wu et al., 2022; Emanuel, 2017). RI also has a sub-44

stantial influence on the climatological distribution of TC intensity and most intense TCs45

undergo RI during their lifetimes (Lee et al., 2016).46

Thus, RI is undoubtedly important in understanding TCs. RI is commonly defined47

as an increase in the maximum sustained surface wind speed (Vmax) of at least a cer-48

tain threshold within 24 h. The most widely used threshold was proposed by Kaplan and49

DeMaria (2003), who defined RI as the 95th percentile of over-water 24-h intensity changes50

in the Atlantic TCs, which was 30 kt/24h. However, many other thresholds exist in the51

literature. For instance, Kaplan et al. (2010) discussed the thresholds of 25 (12.9 m/s),52
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30 (15.4 m/s) and 35 kt (18.0 m/s) per 24 h, and highlighted the practical importance53

of the RI threshold for operational forecasting. Lee et al. (2016) documented 35 kt/24h54

as the optimal RI threshold describing the bimodal distribution of the lifetime maximum55

intensity (LMI).56

The above statistical thresholds are invaluable and have been widely used in anal-57

yses of both internal and environmental processes during RI. However, the conclusions58

depend heavily on the chosen threshold, and one may reasonably question whether thresh-59

olds can be defined by other ways rather than statistically. A more rigorous definition60

of RI is desirable, especially for process-based studies. Here we revised the conventional61

threshold via clustering intensification-related metrics, and thereby proposed a thresh-62

old considering some of physical properties of the vortex. The physical mechanisms un-63

derlying TC intensification are complex and much e!ort has been devoted to understand-64

ing them (Y. Wang & Wu, 2004; Montgomery & Smith, 2014; Emanuel, 2018). Environ-65

mental and inner-core processes may both play important roles in determining whether66

and when a TC will undergo RI. Here, we focus on the initial vortex state, represented67

by TC intensity and vortex size metrics, such as Vmax and the radii of gale-force (34-68

kt, R34) and maximum winds (RMW). These metrics were selected because they are rou-69

tinely reported by the operational centers and their e!ects on intensification have been70

demonstrated in both observational and theoretical studies.71

A TC of medium intensity is more likely to undergo RI (Kaplan et al., 2010; Xu72

& Wang, 2018; Y. Wang et al., 2021). When a TC is relatively weak, the inner-core in-73

ertial stability and heating e”ciency increase with intensity, and thus, the TC intensi-74

fies (Shapiro & Willoughby, 1982; Schubert & Hack, 1982). However, as the intensity75

of the storm nears its maximum potential intensity, the frictional dissipation counter-76

acts the heating e”ciency, and the intensification rate decreases. The maximum inten-77

sification rate is typically observed at approximately 60→70 kt, where the intensification78

potential is close to the weakening rate due to surface friction (Kaplan et al., 2010; Y. Wang79

et al., 2021).80

In addition, the vortex size reflects feedback between the primary circulation and81

inner-core processes (Mallen et al., 2005), and a!ects the subsequent intensification (Emanuel,82

1989). Studies based on best-track data have confirmed that RI events rarely occur when83

RMW is larger than 100 km, because a small RMW favors intensification due to the con-84
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servation of angular momentum (Carrasco et al., 2014; Xu & Wang, 2018). It has also85

been known that the inward contraction of eye-wall, usually represented by a decrease86

in RMW, often occurs simultaneously with intensification (Shapiro & Willoughby, 1982;87

Schubert & Hack, 1982). In a seminal study, Shapiro and Willoughby (1982) showed that88

the response of low-level tangential wind tendency to diabatic heating is greater inside89

RMW than outside. Thus, when RMW decreases, the potential energy of the vortex in-90

creases and the balanced tangential winds intensify simultaneously. Recent studies also91

show that rapid contraction of RMW could occur prior to RI (Stern et al., 2015; Li et92

al., 2019, 2021; Li, Wang, & Tan, 2022; Q. Wu & Ruan, 2021). However, cases also ex-93

ist in which RI co-occurs with steady RMW (Kieu, 2012; Qin et al., 2018). Therefore,94

we only considered RMW instead of its changes in this work.95

Other metrics that reflect the outer size of the TC, specifically the average radius96

of the 34-kt wind speed (R34) and TC fullness, were also examined in this study. No-97

tably, Carrasco et al. (2014) showed that R34 aids in RI prediction. In addition, Guo and98

Tan (2017) proposed the concept of TC fullness, a metric calculated from RMW and R3499

[defined as (1 ↑ RMW
R34

)], and demonstrated that a high TC fullness is essential for in-100

tense TC development. In this study, a joint clustering method was implemented based101

on the K-means algorithm. Such clustering algorithms have been widely used in TC re-102

search. For instance, Camargo et al. (2007) utilized joint clustering analysis to group west-103

ern North Pacific TC tracks based on their locations of genesis and subsequent tracks.104

Arnott et al. (2004) analyzed the characteristics of extra-tropical transitions based on105

the results of K-means. Guo and Tan (2017) clustered the evolution curves of the At-106

lantic Hurricanes to analyze TC fullness. Moreover, clustering has been widely used to107

detect outliers or extreme events (e.g., Chawla & Gionis, 2013). Therefore, we chose to108

detect extreme intensification using this technique. Using a joint clustering algorithm,109

the common features for the RI events were extracted and the RI and non-RI clusters110

were subsequently separated. We focused on Atlantic TCs to the west of 55→W from 2004111

to 2020, mainly considering better data quality than those for other basins and periods.112

Our data pre-processing and main methods, including the unsupervised clustering tech-113

nique, are introduced in Section 2. The sensitivity experiments and statistical charac-114

teristics of TCs undergoing RI, as defined with the new threshold, are presented in Sec-115

tion 3, where the performance of this new threshold is also explored. Section 4 discusses116

the main results and summarizes the key findings.117
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2 Data and Methods118

TC data were obtained from the International Best Track Archive for Climate Stew-119

ardship (IBTrACS, v4r00, Knapp et al., 2010). For consistency and quality, we only uti-120

lized data from the National Hurricane Center for the Atlantic and East Pacific, and from121

the Joint Typhoon Warning Center for the remainder of the globe, for 2004–2020. The122

two USA agencies measure intensity as the 1-min sustained maximum 10-m wind speed123

(Vmax). The intensification rate was defined as the change of Vmax during each 24-h in-124

terval (hereafter #V24). We only obtained records for the standard observational times:125

00, 06, 12, and 18 Coordinated Universal Time (UTC). RI may occur for consecutive 24-126

h periods and some of the tracks overlapped. In our study, we only selected TCs between127

30→N and 30→S to minimize the influence of extra-tropical transition. To eliminate the128

topographic e!ects, we chose only TC tracks over the ocean, and all TC centers were at129

least 100 km from the coastline. The distance to the nearest landmass was provided by130

IBTrACS for each TC location. This pre-processing is similar to previous studies (e.g.,131

Kaplan & DeMaria, 2003; Ma et al., 2019).132

Environmental factors were also analyzed, with the relative humidity, wind, and133

sea surface temperature (SST) data obtained from the fifth generation of atmospheric134

reanalysis from the fifth version of ECMWF re-analysis (ERA5, Hersbach et al., 2020).135

The horizontal and temporal resolutions of the ERA5 data are 0.25→ and 6 hours, respec-136

tively. For ERA5 we also analyzed the data for 00, 06, 12, and 18 only.137

Since 2004, the wide use of satellite, in situ observations, aircraft reconnaissance138

and routine post-season analyses have significantly reduced the observation error, espe-139

cially for the Atlantic basin to the west of 55→W. Unfortunately, large uncertainties still140

exist in the RMW data. Even for western North Atlantic, RMW was not best tracked141

until the 2021 hurricane season (Landsea, 2022), although the data during earlier peri-142

ods has been utilized extensively for various basins (e.g., Xu & Wang, 2015, 2018; Q. Wu143

& Ruan, 2021; Li, Wang, & Tan, 2022). Thus an independent test was performed, by144

applying the best-tracked data of 2021 to the clustering model that was trained with the145

data from 2004 to 2020. Landsea (2022) also reported that the uncertainty with RMW146

observation can be as high as 16 nautical miles (30 km) for TCs stronger than 64kt (Cat-147

egory 1). As in Li, Tang, and Wang (2022), we carried out Monte Carlo experiments here148

to estimate the potential influence of observation uncertainties, in which 1,000 samples149
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were produced by adding random noise from a Gaussian distribution with a mean of 0150

and a standard deviation of 30 km to each RMW value. In addition, to estimate the in-151

fluence of uncertainty from Vmax measurements, we conducted another Monte Carlo ex-152

periment, in which 1,000 subsamples were produced by adding random noise from a uni-153

form distribution on the interval ±10 knots to each intensity change value (Bhatia et al.,154

2019).155

The clustering algorithm requires input samples, which consisted of a combination156

of the initial Vmax and/or initial TC size metrics (RMW, R34, TC fullness) at t = 0 h,157

and the #V24 of the subsequent 24-h period. The primary clustering algorithm used in158

this study was K-means. This algorithm partitions the samples into subsets while min-159

imizing the variance within each cluster. In addition, another unsupervised artificial neu-160

ral network, the self-organizing map (SOM) (Kohonen, 1990, 2013; Liu et al., 2006) was161

used for comparison. The SOM fits initially random weights to observations by compar-162

ing their Euclidean distances through competitive training. For both methods, the num-163

ber of clusters, K, significantly a!ects the clustering results; their performance can be164

evaluated using the silhouette (Rousseeuw, 1987) and Davies-Bouldin scores (Davies &165

Bouldin, 1979). The silhouette score measures the similarity of the points within each166

cluster and is defined as follows:167

S =
b↑ a

max(a, b)
, (1)168

where a is the mean distance between one point and all other points in the same clus-169

ter and b is that for the nearest cluster. Thus a higher silhouette score indicates higher170

similarity within each cluster and a better clustering model. In contrast, the Davies-Bouldin171

score compares the average similarity between each pair of clusters. It can be defined172

as follows:173

DB =
1

k

k∑

i=1

max
i ↑=j

Rij , (2)174

where Rij measures the ratio between cluster diameter (si, i.e., the average distance be-175

tween cluster centroid and the points within the cluster Ci) and the distance between176

the currents Ci and Cj . Therefore, a smaller Davies-Bouldin score indicates a better clus-177
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tering result. Both metrics were used in this study to calculate the distance of clusters178

in the parameter space and determine the optimal K.179

The Vmax, RMW, R34 and TC fullness data were used for clustering. The environ-180

mental factors were not analyzed for clustering because only the properties of the ini-181

tial vortex were considered in this study. The intensity and size data were pre-processed182

and normalized before input to the clustering models, because their units and scales are183

di!erent. All the variables are available for each input sample. It should be noted that184

we only consider the intensifying events for clustering due to their practical importance.185

Seven sensitivity experiments were performed to find the optimal combination of input186

variables, and the main model we used here clustered the input of Vmax, RMW and #V24187

into 8 clusters. The details of these experiments are summarized in the supplementary188

material (Text S1 and Table S1).189

3 Results190

3.1 Overall distribution of the intensification rate191

A total of 886 storms and 12530 intensifying events were extracted from the global192

best-track data, and 107 storms and 1443 events for the western North Atlantic basin.193

The probabilistic distribution (Fig. 1A) of #V24 for the global basins is continuous and194

no discernible gap appears near 30 kt/24h, which is the traditional threshold. Moreover,195

this continuity suggests that the traditional threshold, which only considers the inten-196

sification rate, is a purely statistical or practical choice. This is similar to the findings197

of Kowch and Emanuel (2015). Fig. 1B depicts the cumulative frequency distribution,198

similar to that in Fig. 2 of Kaplan and DeMaria (2003), but using our data for all TCs199

instead of the North Atlantic alone. However, the curves for the di!erent initial inten-200

sities did not converge until #V24 was above the 97th percentile (approximately 40 kt/24h).201

This discrepancy partially justifies the need for further examination of the statistical RI202

thresholds.203

Intensification is likely strongly influenced by initial state of the vortex, which are204

reflected in part by the initial intensity and size. Thus, it is useful to analyze the joint205

frequency distributions of #V24 and the initial Vmax and RMW (Fig. 2). The #V24 in-206

creased with Vmax when Vmax was lower than approximately 60 kt (30.9 m/s), and #V24207

could be up to 100 kt/24h. When the TC was stronger than 75 kt (38.6 m/s), #V24 de-208
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Figure 1. (A) The frequency distributions of 24-h intensification rate (!V24); (B) The cu-

mulative frequency distributions of !V24 for the initial intensity of di”erent scales, i.e., Tropical

depressions (Vmax → 33 kt), Tropical storms (34 → Vmax → 63 kt) and Hurricanes (Vmax ↑ 64 kt).

Note the distributions is this figure were calculated using all !V24 instead of the positive values

alone.

creased. TCs with this intensity range are generally well organized and far from their209

maximum potential intensity (Kaplan et al., 2010; Y. Wang et al., 2021). Additionally,210

RI was also more likely to arise when RMW is less than 100 km, and #V24 generally de-211

creased as the RMW increased. A smaller RMW reflects higher inner-core inertial sta-212

bility and dynamic e”ciency, which enhances intensification (Schubert & Hack, 1982).213

The 95th percentile of #V24 is also significantly higher in this range of RMW and Vmax.214

For the North Atlantic, where the TC size measurement is more reliable, #V24 was gen-215

erally lower; however, the Vmax and RMW trends were similar. #V24 increased with Vmax216

at values of less than approximately 60 kt, and decreased with Vmax at values of higher217

than 80 kt. RI generally occurred when RMW was smaller than 100 km. These results218

align with the findings from previous studies (Carrasco et al., 2014; Xu et al., 2016; Xu219

& Wang, 2018). In addition, RI mainly occurs with medium Vmax and small RMW, which220
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improves the separation of RI events in parameter space and promotes clustering per-221

formance.222

Figure 2. The ratio of positive !V24 as a function of (A) the initial maximum sustained sur-

face wind speed (Vmax) and (B) the initial radius of the maximum wind (RMW) for the global

basins. (C) and (D) are the same as (A) and (B) but for the western North Atlantic basin. The

y-axis in each subplot is !V24 (units: kt/24h) and the x-axis shows the initial Vmax (units: kt)

and RMW (units: km), respectively. The unit for the blue shadings is %.

3.2 Sensitivity experiments223

We performed a series of sensitivity experiments to choose an optimal number of224

clusters (K) and combination of input variables. The best performance is found in the225

model with initial Vmax, RMW and #V24 as input, which is shown here as an example.226

When the intensifying events were clustered into 8 groups, the Davies-Bouldin score reached227

a minimum, and the silhouette score was relatively high (Fig. 3). These metrics indicated228

the distance between clusters reaches the minimum in the three-dimensional space (Vmax,229

RMW and #V24) when clustered into 8 groups. We then analyzed #V24 with such a230
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configuration, and an ’RI’ cluster with a significantly higher #V24 was distinctly sep-231

arated from the remainder of the dataset (Fig. 4A). The minimum #V24 of this ’RI’ clus-232

ter is 45 kt/24h. Fig. 3 suggests that clustering the TCs into six groups was also rea-233

sonable. However, the overlaps between the RI and non-RI clusters were much broader,234

although RI clusters still emerged at a threshold of approximately 35-40 kt/24h (Fig. 4B).235

Therefore, the 8-cluster model was chosen owing to its superior overall performance. Most236

of the 770 TC events in the RI cluster had a #V24 greater than or equal to 45 kt/24h.237

For North Atlantic, on the other hand, a similar optimal configuration was also found,238

and the threshold is 40 kt/24h for North Atlantic. The detailed results of other sensi-239

tivity experiments can be found in the supplementary text.240

Figure 3. The silhouette and Davies-Bouldin scores as functions of the number of clusters

when initial Vmax, RMW and !V24 are input for clustering. The models were trained using

global data.

The robustness of clustering highly depends on the quality of best-track data, es-241

pecially considering the uncertainty with RMW is high. In the Monte Carlo experiments,242

we found the threshold of 45 kt/24h is robust even when the uncertainty of RMW was243
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Figure 4. Intensification rate (!V24) of di”erent clusters with (A) eight and (B) six clusters

when initial Vmax, RMW and !V24 are input for clustering. The rapid intensification (RI) clus-

ter is labeled as Cluster A in both subplots. The models were trained using global data. Only the

three most rapidly intensifying clusters are plotted for better display clarity. The results with all

clusters can be found in Fig. S1.

set to 30 km. In the 1,000 perturbed samples, 95% (952) achieved the same threshold244

of 45 kt/24h while 5% (48) produced a threshold of 40 kt/24h. In addition, when the245

North Atlantic model was applied to the 2021 hurricane season, an RI group was also246

classified and the minimum #V24 (i.e., threshold) was 40 kt/24h (Fig. 5), consistent with247

the threshold identified using data of earlier periods. The results of above two tests in-248

dicate the proposed threshold is robust, even considering the high uncertainty of RMW249

measurements. Nevertheless, the threshold of 30 or 35 kt/24h was not found in these ex-250

periments.251
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Figure 5. Intensification rate (!V24) of di”erent clusters for the 2021 North Atlantic hur-

ricane season. The rapid intensification (RI) cluster is labeled as Cluster A. The dashed lines

depict the average !V24 for each cluster.

3.3 Characteristics and evaluation of the new threshold252

The threshold of 45 kt/24h was selected due to its better overall performance in253

the sensitivity experiments. This threshold corresponds to the 97th percentile of the global254

over-water #V24. For the global basins, the mean #V24, Vmax and RMW of this clus-255

ter were 54 kt/24h, 62 kt and 45 km, respectively (Table 1). On the other hand, these256

properties for the TCs with a #V24 of over 30 kt/24h, were 40 kt/24h, 58 kt and 52 km,257

respectively.258
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Analyses for the individual basins were performed next. The global RI threshold259

of 45 kt/24h was found for most basins, except for the North Atlantic (NA) and East260

Pacific (EP), where the RI threshold was 40 kt/24h (Table 1). These di!erences are likely261

to be an artifact since the measurements were provided by varied agencies. However, it262

is also possible that the background #V24 varies among basins (Fig. 6), as already no-263

ticed by previous studies (e.g., Xu & Wang, 2015, 2018). For instance, The intensifica-264

tion rates are significantly higher in western North Pacific (WP) and North Indian Ocean265

(NI) than in EP and NA. The 95th percentile of #V24 in the former two basins was 40266

and 40 kt/24h, respectively, while in the latter two basins it was 35 kt/24h. Monte Carlo267

experiments also showed that the 95th percentile of #V24 in EP and NA is 37.5 kt/24h,268

while for the other basins it is 41.5 kt/24h. Therefore di!erent thresholds exist even the269

percentile-based method was used. Such di!erences can be attributed to various envi-270

ronmental conditions. Using an idealized numerical simulation, Li et al. (2021) noted a271

higher #V24 with a vertical sounding from WP than NA, especially when SST is lower272

than 28→C.273

Figure 6. Boxplot of background !V24 for di”erent basins. The lower and upper ends of

the box show the 25th and 75th percentiles, the middle line shows the 50th percentile, and the

whiskers show the 5th and 95th percentiles, respectively.
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Table 1. The RI thresholds, their corresponding percentile rank among the samples, and the

mean and standard deviation of !V24, Vmax and RMW of the RI clusters for the global and

individual basins. (NATL, North Atlantic; EPAC, East Pacific; WPAC, Western North Pacific;

SPAC, South Pacific; NIO, North Indian Ocean; SIO, South Indian Ocean). Note the percentiles

were calculated using all !V24 instead of the positive values alone.

RI threshold

(kt/24h)
Percentile #V24 (kt/24h) Vmax (kt) RMW (km)

Global 45 97th 53.7 ± 9.8 61.7 ± 16.6 46 ± 20

NATL 40 98th 49.4 ± 11.0 64.3 ± 14.4 41 ± 23

EPAC 40 96th 51.8 ± 9.9 59.9 ± 14.7 46 ± 19

WPAC 45 97th 55.7 ± 9.0 63.8 ± 15.7 44 ± 17

SPAC 45 96th 55.3 ± 9.1 59.6 ± 15.6 51 ± 21

NIO 45 96th 60.4 ± 10.0 56.5 ± 8.8 47 ± 19

SIO 45 97th 55.0 ± 10.1 49.6 ± 11.3 53 ± 12

Over all RI clusters, the initial intensity was approximately 60±15 kt, and the ra-274

dius was approximately 45±20 km, while RMW was significantly larger (65±37 km) for275

the non-RI clusters (Table S2). Moreover, intensity and size varied significantly among276

many basins. For instance, the average #V24 of the RI cluster for the North Indian Ocean277

(60.4 kt/24h) was significantly higher than that for the North Atlantic (49.4 kt/24h).278

The RI cases over the South Indian Ocean were initially significantly weaker and larger279

than those over the western North Pacific, whereas the typical #V24 and RI thresholds280

were similar for the two basins. Using a single threshold of 30 kt/24h failed to detect many281

of these di!erences. For example, a significant di!erences in RMW and initial intensity282

were observed between the RI events detected by clustering over the North Indian Ocean283

and western North Pacific. However, when the conventional threshold was used, there284

was no such di!erence in the inner-core size. Significant di!erence (p<0.01) also exists285

in #V24 between Western and Eastern Pacific basins, as determined by the new thresh-286

old, while no di!erence could be detected (p=0.7) using the conventional threshold of287

30 kt/24h. However, we used a fixed period of 24h for all RI events and some of the events288

overlapped, and the results are likely to be di!erent if consecutive RI events are consid-289

ered as one.290
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The performance of the new threshold in explaining the distribution and variation291

of TC intensity was also examined. Lee et al. (2016) noted that the lifetime maximum292

intensity (LMI) follows a bimodal distribution, and the modes indicate two types of TCs:293

those that undergo RI (RI TCs) and those that do not (non-RI TCs). Here, we compared294

the e!ects of di!erent thresholds on the distributions of the global and North Atlantic295

TCs (Fig. 7). Note only the TC data with both Vmax and RMW recordings over the pe-296

riod 2004-2020 were used and thus the distributions di!er slightly from Lee et al. (2016),297

who used all data from 1981-2012. Similar to their results, RI TCs, defined with either298

the clustering or traditional threshold, comprised the majority of the major TCs (LMI↓96299

kt, Category 3), with a peak at approximately 120 kt. However, the clustering thresh-300

old was more e!ective in separating the non-RI TCs, especially for the North Atlantic.301

When the clustering threshold was used, 80% of RI TCs had an LMI of over 96 kt for302

the North Atlantic, and this ratio is 82% for the global TCs. In contrast, with the thresh-303

old of 30 kt/24h, 65% and 72% of the RI TCs became major TCs for the North Atlantic304

and the globe, respectively.305

Figure 7. Distributions of LMI for (A) the western North Atlantic and (B) the global TCs.

Probability Distribution Functions (PDFs) were calculated using 2004–2020 tropical cyclone LMI.

The grey histograms and black line depict the distribution of all TCs. The orange and green

lines show the PDFs for the TCs that underwent RI defined with by clustering (40 kt/24h for

the North Atlantic and 45 kt/24h for the global TCs) and traditional thresholds (30 kt/24h),

respectively. The PDFs were smoothed using kernel density estimation with a bandwidth of 0.2.
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The high correlation between the number of RI events and major TCs further demon-306

strated the benefits of the new threshold. Fig. 8 plots the LMI against the number of307

RI events with the traditional and the proposed thresholds. When the clustering thresh-308

old was used, LMI clearly increased with the number of RI events per storm. However,309

when the threshold of 30 kt/24h was used, the number of RI events was not highly re-310

lated to LMI, especially for the Category 5 TCs (LMI ↓ 137 kt). This was also demon-311

strated by a higher correlation between LMI and the number of RI events (0.62 vs 0.52,312

p<0.05). In addition, the number of RI events identified by the new threshold better ex-313

plained the annual variation of the major TCs (Fig. 8C), especially for Category 5 TCs,314

as indicated by relatively larger slops of their fitted lines. The correlations between the315

number of TCs stronger than Category 3 (LMI ↓ 96kt) and the clustering-based and con-316

ventional thresholds were both 0.81. However, the correlation between the number of Cat-317

egory 5 TCs and RI events with the new threshold was 10% higher than that with the318

traditional one (0.85 vs 0.75, p<0.05). These improvements demonstrated the potential319

of the proposed threshold in the research of major TCs.320

We further analyzed the environmental factors a!ecting the intensification processes321

in the western North Atlantic, namely mid-level relative humidity, deep vertical wind322

shear, and SST (Fig. 9). These variables were similar between the RI events, as defined323

by the clustering and traditional thresholds. Although a slightly higher mid-level humid-324

ity, lower vertical wind shear, and higher SST were observed for RI events defined by the325

clustering threshold, the di!erences are not statistically significant. The results partially326

validate our choice of using metrics representing the initial vortex property only.327

4 Discussion and conclusion328

Rapid intensification of great importance in TC research. Conventionally, RI is de-329

fined statistically. In this study, we proposed a physically orientated threshold and in-330

corporated properties of the vortex into its definition. To do so, we treated RI as an extreme-331

detecting problem and cluster the initial Vmax and RMW, with a subsequent #V24 for332

all global TCs from 2004 to 2020. These variables were selected because they define the333

initial state of the vortex before RI, as demonstrated by previous theoretical and obser-334

vational studies (e.g., Y. Wang et al., 2021; Li et al., 2021; Mallen et al., 2005; Carrasco335

et al., 2014) and our sensitivity experiments. Over 12000 events extracted from the IB-336

TrACS best-track data were clustered using the K-Means clustering algorithm; one clus-337
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Figure 8. The distribution of LMI and the number of RI events per storm with (A) the

threshold of 30 kt/24-h and (B) the clustering threshold. (C) Scatter plot of the normalized an-

nual number of RI events versus the normalized annual number of TCs of di”erent categories

Each variable was normalized using its own mean and standard deviation prior to plotting. The

solid lines show the linear regression.

ter with a minimum #V24 of 45 kt/24h (23.2 m/s/24h) was thereby distinctly separated338

from the others. A significant gap between the RI and non-RI clusters was found, indi-339

cating that RI can be separated statistically and physically by vortex property. The RI340
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Figure 9. Composite fields of: (A), (B), (C) 600-hPa relative humidity (units: %; shaded);

(D), (E), (F) 200- and 850-hPa vertical wind shear (units: m/s); and (G), (H), (I) sea surface

temperature (units: →C) for the (A), (D), (G) RI using the clustering threshold (↑ 40 kt/24h);

(B), (E), (H) RI using the traditional threshold (↑ 30 kt/24h); and (C), (F), (I) the di”erence.

The units for the x- and y-axes are degrees. The 2 circles indicate radii of 5 and 10 degrees from

the TC center.

threshold was the same as the global value across all the individual basins except for the341

North Atlantic and East Pacific, where it was 40 kt/24h (20.6 m/s/24h).342

It should be noted that the results obtained from the clustering analysis rely heav-343

ily on data quality. RMW has a relatively large uncertainty because of limited tempo-344

ral and spatial resolution in the satellite observations (Demuth et al., 2004), although345

the data has been widely used for various basins (e.g., Carrasco et al., 2014; Xu & Wang,346

2018, 2015; Q. Wu & Ruan, 2021; Li, Wang, & Tan, 2022). Even for the Atlantic basin,347

where we have high confidence on the data quality, the uncertainty could be as high as348
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16 nm (30km) (Landsea, 2022). To assess the impact of data uncertainty, we conducted349

Monte Carlo experiments and an independent test for the 2021 hurricane season. The350

results demonstrated the robustness of the proposed threshold, even with an uncertainty351

of 30 km in RMW. Nevertheless, this uncertainty is expected to decrease with improved352

observation facilities (e.g., Combot et al., 2020) and the clustering results could be re-353

vised with more accurate measurements, especially for the basins other than the Atlantic.354

We do not compare performances of the two thresholds in operations due to the355

scope of this work. The operational and practical choices of RI definition could be based356

purely on frequency. However, a more rigorous definition based on, for instance, the ini-357

tial vortex state as advocated here may be desirable for case-based process study and358

trend analysis. As a first step, we present this new definition of RI from a di!erent an-359

gle and emphasize on physical properties of the vortex behind the results. The cluster-360

ing method identified an initial wind speed of 60±15 kt and an RMW of 45±20 km as361

the typical conditions for the RI cluster. While for the non-RI clusters, the average RMW362

mounts up to 65km. Around these initial values, eye and eye-wall formation would be363

expected (Vigh et al., 2012). The onset wind speed cannot be much larger because, above364

this value, the frictional dissipation increases and #V24 is constrained as the TC approaches365

the maximum potential intensity (Y. Wang et al., 2021). On the other hand, a small RMW366

reflects a high inner-core inertial stability and dynamical e”ciency, which enhances in-367

tensification (Schubert & Hack, 1982). The inertial stability within the RMW was on368

the order of 10↓3 s↓1 or about 20 f at 20 →N and became important near these wind speeds.369

A small RMW also favors intensification due to the conservation of angular momentum.370

Both numerical and observational studies (Li et al., 2021; Li, Wang, & Tan, 2022; Y.-371

F. Wang & Tan, 2020; Sitkowski et al., 2011; Fischer et al., 2020) showed the typical RMW372

value during RI is approximately 30 to 50 km, which is consistent with our results. These373

results also suggest that accurate measurement and prediction of RMW near Vmax of374

60 kt would expected to play a significant role in improving RI predictions.375

Moreover, an advantage of the clustering threshold is its ability to explain the bi-376

modal distribution of the LMI. Both clustering and traditional thresholds can explain377

the secondary peak at around 120 kt. However, Lee et al. (2016) reported that in the378

North Atlantic, 30% RI TCs became minor TCs (LMI<96 kt). The ratio reduced to 20%379

if the clustering threshold is used. Similar results were found for the global distribution.380

In addition, the new definition also showed a better correlation with the variation in the381
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annual number of Category 5 TCs over the past decades compared to that of the tra-382

ditional threshold, demonstrating the potential and importance of this new threshold for383

major TC research.384

Environmental factors are undoubtedly important for TC intensification and many385

of such factors are included in the forecasting systems (e.g., Kaplan & DeMaria, 2003).386

However, previous studies found that the environmental conditions for the RI and in-387

tensifying TCs are similar (Hendricks et al., 2010), and argued RI is a weak function of388

the environmental conditions (Kowch & Emanuel, 2015). We also found that the di!er-389

ence of the mid-level humidity, vertical wind shear and SST between the RI events, with390

di!erent thresholds, is marginal. Therefore favorable environmental factors are essen-391

tial, but are likely insu”cient for RI. Although the environmental influences require fur-392

ther investigation, such results validate our selection of using the inner-core metrics only.393

This work suggests the potential of clustering to define an RI threshold with an ob-394

jective and plausible physical basis and demonstrates its advantages in explaining the395

distribution of major TCs. We did not directly compare the operational applications of396

proposed and conventional thresholds, but the higher threshold proposed here would re-397

duce the sample size of RI events, which may impact its operational usefulness in some398

aspects. Systematic analyses are thus required, including the ability of operational sys-399

tems in detecting RI events, influences of di!erent precursors, and damage caused by dif-400

ferent RI events, before the proposed threshold is used in operation.401
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