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 45 
Abstract:  46 

Reliable projections of future changes in tropical cyclone (TC) characteristics are 47 

highly dependent on the ability of global climate models (GCMs) to simulate the 48 

observed characteristics of TCs (i.e., their frequency, genesis locations, movement 49 

and intensity).  Here, we investigate the performance of a suite of GCMs from the 50 

U.S. CLIVAR Working Group on Hurricanes in simulating observed climatological 51 

features of TCs in the Southern Hemisphere.  A subset of these GCMs is also 52 

explored under three idealized warming scenarios.   Two types of simulated TC 53 

tracks are evaluated on the basis of a commonly applied cluster analysis: (i) 54 

explicitly simulated tracks, and (ii) downscaled tracks, derived from a statistical-55 

dynamical technique that depends on the models’ large-scale environmental 56 

fields.  Climatological TC properties such as genesis locations, annual frequency, 57 

lifetime maximum intensity (LMI), and seasonality, are evaluated for both track 58 

types. Future changes to annual frequency, LMI and the latitude of LMI are 59 

evaluated using the downscaled tracks where large sample sizes allow for 60 

statistically robust results.  An ensemble approach is used to assess future changes 61 

of explicit tracks due to their small number of realizations.  We show that the 62 

downscaled tracks generally outperform the explicit tracks in relation to many of 63 

the climatological features of Southern Hemisphere TCs, despite a few notable 64 

biases.  Future changes to the frequency and intensity of TCs in the downscaled 65 

simulations are found to be highly dependent on warming scenario and model, 66 

with the most robust result being an increase in the LMI under a uniform two-67 

degree surface warming.    68 

  69 
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 70 

1. Introduction 71 

There has been a concerted effort over the last decade or so to understand the 72 

response of tropical cyclones (TCs) to a warming climate (e.g., Knutson et al. 2010; 73 

Walsh et al. 2016).   TCs are a particularly hazardous natural phenomenon because of 74 

their extreme winds, flooding from torrential rainfall, and coastal inundation from 75 

storm surges.  The Southern Hemisphere is home to about 30% of the roughly 80 TCs 76 

that form around the globe each year, with genesis locations and tracks extending over 77 

a semi-continuous zone from the east coast of Africa (~30°E) to the central South 78 

Pacific (~120°W).  They typically form from November to April (94%), with a 79 

climatological peak during January to March (64%) (Gray 1968; Schreck et al. 2014; 80 

Ramsay 2017).  The islands of the South Pacific are especially vulnerable to the impacts 81 

of TCs; a notable example being Severe Tropical Cyclone Pam (March 2015), which 82 

struck the islands of Vanuatu causing catastrophic damage, the displacement of 83 

hundreds of thousands of people, around 15 fatalities, and a recovery budget of 268.4 84 

million USD (UNESCO, 2015).   85 

The effects of climate change on TCs in the Southern Hemisphere have received 86 

relatively less attention in the scientific literature compared to some other regions of 87 

the world (most notably, the North Atlantic region) despite its vulnerability. That a 88 

warming climate will likely result in a small decrease in overall TC frequency but a 89 

small increase in lifetime maximum intensity (LMI) and precipitation rate of TCs (e.g., 90 

Walsh et al. 2016) is the current consensus from global climate model (GCM) 91 

projections, despite some studies indicating that global TC frequency may actually 92 

increase with warming (e.g., Emanuel 2013).  Detecting an anthropogenic footprint on 93 

such metrics using past historical data, however, has been challenging (e.g., Sobel et 94 
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al. 2016) due to several factors, including large internal variability, the relatively short 95 

record of reliable TC intensity data (e.g., Kossin et al. 2013), and questions about the 96 

quality of the historical best track datasets.  97 

Meaningful and robust future projections are highly dependent on the ability of 98 

GCMs to accurately simulate the observed characteristics of TC tracks (i.e., their 99 

frequency, genesis locations, movement and intensity).  Previous studies have explored 100 

observed TC track types using cluster analysis in different geographical regions, 101 

including the Western North Pacific (Camargo et al. 2007b), Eastern North Pacific 102 

(Camargo et al. 2008), North Atlantic (Kossin et al. 2010), South Pacific (Chand et al. 103 

2009), and the Southern Hemisphere (Ramsay et al. 2012). We apply the same 104 

clustering technique as used in these previous studies to explore differences between 105 

observed and model-simulated TC tracks in the Southern Hemisphere (refer to Section 106 

2e for details). 107 

The focus of the current study is to assess the ability of climate models to reproduce 108 

observed TC characteristics in the Southern Hemisphere, as well as to explore 109 

projections of TC frequency and intensity in a subset of these models under specific 110 

idealized warming scenarios (Section 2a) for a which a large population of synthetic 111 

TC tracks is available.  The approach here is similar to recent studies of TC track 112 

characteristics of the same group of climate model simulations for the North Atlantic 113 

(Daloz et al. 2015) and Western North Pacific (Nakamura et al. 2017) regions. The 114 

remainder of this study is structured as follows.  Section 2 provides details of the model 115 

experiments, the observed and modelled TC tracks, and the cluster technique. Results 116 

for the explicit and downscaled TC tracks in the context of the control climate scenario 117 

are presented in sections 3 and 4, respectively.  Section 5 examines future changes in 118 
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TC frequency and intensity under specific idealized warming scenarios, and the main 119 

results are summarized in Section 6. 120 

 121 

2. Data and Methodology 122 

a. Hurricane Working Group (HWG) models 123 

We investigate climate model simulations from a suite of idealized experiments, 124 

which were performed as part of the U.S. CLIVAR Working Group on Hurricanes 125 

(hereafter, Hurricane Working Group (HWG); Walsh et al. 2015).  The HWG consists 126 

of 13 modelling centers and 16 different models (see Table 1 in Walsh et al. (2015) for 127 

the full list), but here we examine only a subset of these models (Table 1) – based partly 128 

on data availability but also to allow for model-based comparison with previous similar 129 

studies (e.g., Daloz et al. 2015; Nakamura et al. 2017).  Two types of TC tracks are 130 

explored – namely, explicit tracks (denoted by “-E” after the model name) and 131 

downscaled tracks (denoted by “-D after the model name). The explicit tracks are 132 

obtained by tracking TC-like storms in the models’ output, while the downscaled tracks 133 

were obtained by Emanuel’s downscaling technique (Emanuel 2006; Emanuel et al. 134 

2006; Emanuel et al. 2008). For the explicit track simulations, six models are evaluated: 135 

HiRAM, CMCC, GISS, CAM5, FSU and GFS (Table 1), with the first four of these 136 

models also used for evaluating the downscaled tracks.  Following the approach of Held 137 

and Zhao (2011), these simulations contained four climate scenarios: a controlled 138 

twentieth century climate and the three idealized warming climate scenarios. The 139 

control climate (‘20C’) was forced with climatological monthly-average sea surface 140 

temperature (SST) for the periods ranging between 5 and 20 years, depending on model 141 

(Table 1). The three highly idealized warming climate scenarios included experiments 142 

corresponding to a doubling of carbon dioxide concentration in the atmosphere 143 
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(‘2CO2’), a uniform 2K increase of SST (‘p2K’), and the combination of these two 144 

scenarios (‘p2K2CO2’). 145 

 146 

b. Explicit tropical cyclone tracks 147 

For the purpose of this study, TCs explicitly simulated by the GCMs are evaluated 148 

mostly for the twentieth century control climate simulation to assess the general 149 

characteristics of the modelled tracks and how these characteristics compare with the 150 

observed climatology. An ensemble-mean approach is used to assess changes to TC 151 

frequency, as the model-generated explicit tracks for the Southern Hemisphere were 152 

too few in some HWG experiments to deduce meaningful and robust conclusions on 153 

future projections. The explicit tracks are generated using different tracking schemes, 154 

depending on model, as listed in Table 1.  These tracking schemes share several 155 

common criteria for TC detection (see Daloz et al. 2015, Appendix A), but previous 156 

work has shown that explicit TC statistics are still sensitive to the differences among 157 

them, especially for the weaker storms and low-resolution models (Horn et al. 2014).  158 

Daloz et al. (2015) found that although the annual number of TCs is sensitive to the 159 

tracking routine, the results of the cluster analysis were not sensitive to the tracking 160 

routine used.  161 

 162 

c. Downscaled tropical cyclone tracks  163 

The downscaled TC tracks have essentially the same key statistical properties of 164 

explicit tracks but with a much larger number of realizations. Therefore, these are 165 

explored for both the current climate, as well as future climate projections. The 166 

downscaled tracks were generated using a statistical-dynamical technique developed 167 

by K. Emanuel (Emanuel 2006; Emanuel et al. 2006), which has subsequently been 168 
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used to explore TC behaviour in GCMs (e.g., Emanuel et al. 2008; Emanuel 2013; 169 

Walsh et al. 2015) as well as regional TC activity from the HWG experiments, 170 

including the North Atlantic basin (Daloz et al. 2015) and the Western North Pacific 171 

basin (Nakamura et al. 2017). A brief explanation of the technique is given below (the 172 

reader is referred to Emanuel et al. (2006) and Emanuel et al. (2008) for further details 173 

on the technique).  174 

The starting points, or ‘seeds’, for each synthetic track are weak warm-cored 175 

vortices with peak winds of 12 m s-1, randomly distributed everywhere poleward of 2° 176 

latitude at all times regardless of season, SST and other climatological factors (Emanuel 177 

et al. 2008).  Once generated, the synthetic storms are steered by a weighted-average of 178 

the flow at the 850- and 200-hPa levels, in addition to a beta drift term (Holland 1983).  179 

The resultant storm motion is similar to the ‘deep’ version of the beta-advection model 180 

described in Marks (1992).   The survival rate of the initial seeds is determined by the 181 

storm intensity, which is determined at each track point by the Coupled Hurricane 182 

Intensity Prediction System (CHIPS; Emanuel 2004); a relatively simple axisymmetric 183 

tropical cyclone model coupled to a slab ocean model.  The collective movement and 184 

intensity of each synthetic storm is determined entirely by the large-scale environment 185 

of the host model, by design.  The initial seeding rate is independent of the ambient 186 

wind field, however any storm embedded in strong vertical wind shear will quickly 187 

dissipate.  The synthetic track technique has been shown to produce a reasonable 188 

climatology of Southern Hemisphere TCs when forced with historical reanalysis data 189 

(Emanuel et al. 2008), despite there being too many genesis events in the far western 190 

Indian Ocean, north of Madagascar. 191 

 192 

d. Observed tropical cyclone tracks 193 
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The observed tropical cyclone tracks are the same as those analyzed in Ramsay et 194 

al. (2012).  This dataset comprises 1329 systems from July 1969 to June 2008 using 195 

IBTrACS-v02r01.  The tracks and genesis locations of the 7 clusters identified in 196 

Ramsay et al. (2012) are used here as a baseline to evaluate model behavior, and are 197 

illustrated in Fig. 1.  For a more accurate quantitative comparison between observed 198 

and modelled tracks, a shorter data period is used starting from the 1984/85 season, 199 

owing to incomplete wind data in the Southern Hemisphere best tracks prior to the mid-200 

1980s (Schreck et al. 2014; Ramsay 2017).  This subset is used to derive the observed 201 

statistics (‘OBS’) shown in Tables 2 to 4. 202 

 203 

e. Tropical cyclone track clustering method 204 

The cluster technique applied here is a mixture of polynomial regression 205 

models developed by Gaffney (2004). The technique is described in detail when 206 

applied to extratropical cyclones in Gaffney et al. (2007). The cluster algorithm is 207 

used to fit the geographical shape of trajectories (tropical cyclone tracks here) by 208 

finding the parameters that maximize the likelihood of the data. The only input of 209 

the cluster algorithm is the position of the individual trajectories, defined here as 210 

the latitude and longitude at each snapshot of the tropical cyclone track. This 211 

procedure is repeated 100 times, randomizing the order that the tracks are 212 

included in the analysis. The final cluster assignment is chosen as the best fit 213 

among them. This cluster analysis is able to handle trajectories of different 214 

lengths, which is an important feature for tropical cyclone tracks.  215 

 216 

This cluster technique has been applied extensively to observed tropical 217 

cyclones in various basins: North Atlantic (Kossin et al. 2010; Kozar et al. 2012; 218 
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Boudreault et al. 2017), Eastern (Camargo et al. 2008; Caron et al. 2015) and 219 

Western North Pacific (Camargo et al. 2007a,b), Fiji region (Chand and Walsh 220 

2009), North Indian Ocean (Paliwal and Patwardhan, 2013), Southern 221 

Hemisphere (Ramsay et al. 2012), as well as typhoon post-landfall tracks over 222 

China (Zhang et al. 2013).  Other recent applications of this cluster analysis include 223 

a comparison of tracks of TCs in a reanalysis dataset to observations (Bell et al. 224 

2018), analysis of the skill of tropical cyclone forecasts (Don et al. 2016, Kowaleski 225 

and Evans 2016), and in the development of statistical-dynamical seasonal 226 

forecasts (Zhang et al. 2016). The application we focus on here is to examine the 227 

ability of climate models to simulate observed track types and if/how they change 228 

under anthropogenic climate change. This approach was used in various multi-229 

model studies in the North Atlantic (Camargo 2013; Daloz et al. 2015), Eastern 230 

(Camargo 2013) and Western North Pacific (Nakamura et al. 2017). Here we 231 

examine the characteristics of Southern Hemisphere tropical cyclone model tracks 232 

in the HWG models in present and future climates.  233 

In Ramsay et al. (2012) we applied the cluster analysis to analyse Southern 234 

Hemisphere TC tracks in the period July 1969 to June 2008, using 7 clusters, highly 235 

dependent on the longitude. These 7 clusters are located in the South Indian Ocean 236 

and South Pacific (Fig. 1). The ordering of clusters in the models was based 237 

primarily on the longitude of tracks, as they tend to be well separated by longitude, 238 

as in observations (Ramsay et al. 2012). For the two western-most clusters in the 239 

downscaled models, which are not well separated by longitude, the seasonality 240 

was used also to help match with observations. Here, in order to compare the 241 

models with these tracks, we chose 8 clusters for the models, which enables the 242 

models to have 7 clusters in the South Indian Ocean and South Pacific, which will 243 
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be compared with observations and used for projections, as well as an additional 244 

cluster with tracks in the South Atlantic.  245 

After the occurrence of Hurricanes Catarina in March of 2004 (McTaggart-246 

Cowan et al. 2006; Pezza and Simmonds 2005; Pezza et al. 2009; Veiga et al. 2008; 247 

Vianna et al. 2010; Pereira Filho et al. 2010) and Anita in March of 2010 (Dias 248 

Pinto et al. 2013, Dutra et al. 2017) studies of South Atlantic subtropical systems 249 

that undergo tropical transition in the South Atlantic received more attention 250 

(Evans and Braun 2012, Gozzo et al. 2014; 2017). These studies demonstrate that 251 

even though South Atlantic TCs are rare (and typically subtropical) they do exist, 252 

however were not included in Ramsay et al. (2012).  253 

 254 

f. Statistical significance  255 

Statistical significance of future changes of TC activity for the downscaled 256 

simulations is assessed by bootstrapping the difference in the mean of a particular 257 

variable (e.g., the mean LMI in the p2K scenario minus the mean LMI from the 258 

control run), using 1000 replications.  Bootstrap confidence intervals are 259 

calculated using the bias-corrected and accelerated (BCa) technique (Efron and 260 

Tibshirani, 1993), with the 95% confidence interval (CI) set as the bar for 261 

statistical significance (i.e., the 95% of the bootstrapped replicates must not cross 262 

zero, assuming a null hypothesis of no change in the mean of a particular variable 263 

between current and future climate).   264 

 265 

3. Cluster characteristics from explicit simulations 266 

a. Genesis locations and tracks 267 
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We start by evaluating the ability of the HWG models to explicitly simulate general 268 

characteristics of observed TC activity in the Southern Hemisphere basins (Figs. 1 and 269 

2). Here, general characteristics are evaluated, including genesis locations, annual 270 

frequency, as well as the mean TC duration and life-time maximum intensity, for each 271 

of the seven clusters (Table 2). As discussed above, the eighth cluster is included to 272 

objectively identify and isolate model-generated TCs that either do not correspond to 273 

the observations, such as those in the far south-eastern Pacific, and poleward of around 274 

30°S, as well as the rare South Atlantic TCs, which the models generate much more 275 

frequently than in observations.  Therefore, TCs in this eighth cluster are usually 276 

considered to be a result of model biases and deficiencies (e.g., Tory et al. 2013; Chand 277 

et al. 2017). 278 

 Comparison of the cluster analysis applied to the Southern Hemisphere tropical 279 

cyclones in observations with those explicitly simulated by the six HWG models 280 

(HIRAM-E, CCMC-E, GISS-E, CAM5-E, FSU-E and GFS-E) under the control 281 

climate show varying results. Overall, these climate models are able to replicate spatial 282 

distribution of genesis locations reasonably well over most of the Southern Hemisphere 283 

(Fig. 2). However, some notable exceptions are in the south-eastern Pacific and South 284 

Atlantic basins, and to a lesser extent in the region poleward of about 30°S, where 285 

models generate TCs that otherwise are rare or present in the observations, (as indicated 286 

by the brown-colored clusters in Figures 2b-f). These subtropical/extratropical model 287 

TCs could potentially be attributed to biases of the tracking schemes, though, as 288 

discussed in Horn et al. (2014).  289 

There is also a certain degree of disagreement in terms of cluster separation for 290 

the genesis locations and resulting tracks between models (see also Figs. 3 and 4 for 291 

explicit tracks in a “good” (HIRAM-E) and a “bad” (GFS-E) performing model). For 292 



 12 

example, the fifth cluster (orange-colored cluster in Figs. 2 and 4) shows large 293 

variations between models, particularly for HIRAM-E, GISS-E and CAM5-E where it 294 

is reproduced farther eastward in the south-western Pacific basin instead of over the 295 

west Australian region as per the observations. Unfortunately, the GFS-E model 296 

presents substantial disagreement when compared to the observations both in the 297 

genesis locations (Fig. 2g) and the resulting tracks (Fig. 4). 298 

b. Annual frequency 299 

The annual average number of tropical cyclones forming in the Southern 300 

Hemisphere is 26.9 (Table 2; Schreck et al. 2014; Ramsay 2017), with between-cluster 301 

variations ranging from 2.7 for cluster 5 to 4.8 for cluster 7 (Table 2). While some 302 

models are able to realistically reproduce this annual climatology reasonably well (e.g. 303 

CAM5-E, CMCC-E and HIRAM-E), others show substantial underestimation across 304 

all clusters in the Southern Hemisphere basin with GFS-E having the lowest number of 305 

southern hemisphere TCs (~ 5.2 cyclones per year).     306 

Given that each model suffers from its own biases and deficiencies, it is not 307 

unusual to expect large discrepancies in annual tropical cyclone frequency between 308 

models (see e.g. Camargo 2013). In order to assess the relative performance of models 309 

irrespective of model biases and deficiencies, we normalize each cluster-member with 310 

the total global number of TCs for that model. We also compute the multi-model mean 311 

six-member to provide a comparative measure of between-cluster differences for 312 

observations and for all models combined. Overall, we see some encouraging results in 313 

the ability of the individual models in replicating the between-cluster differences across 314 

the Southern Hemisphere. For example, the observed and multi-model mean 315 

proportions of annual TCs in cluster 1 are 15% and 14.1% respectively. Comparatively 316 

similar results are present for other clusters as well (Table 2).      317 
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Although the focus here is mostly on climatological aspects of the explicit 318 

tracks, we take advantage of the multi-model mean approach to assess future changes 319 

of TC frequency under the three idealized climate change scenarios.  The projections 320 

show that a 2K surface warming with CO2 fixed (p2K) results in about the same storm 321 

frequency reduction (~-16%) as when the SST is held fixed but the CO2 doubled 322 

(2CO2) (Table 3).  This roughly equal percent reduction differs somewhat from Held 323 

and Zhao (2011), who found that storm frequency changes in the Southern Hemisphere 324 

as simulated by HIRAM were less sensitive to 2CO2 than p2K (this is also evident in 325 

Table 3).  The combination of p2K and 2CO2 (i.e., p2K2CO2) results in a slightly larger 326 

percent reduction of -19.2%.  327 

c. Mean TC duration and LMI 328 

Another measure of TC activity is the mean duration of TCs in each cluster. The 329 

observed duration of TCs varies from 4.5 days for cluster 4 to 7.0 days for cluster 3. 330 

There are large variations in the mean duration of TCs between models for each cluster. 331 

For example, the mean duration of TCs in CAM5 for cluster 1 is 8.7 days compared to 332 

3.5 days in GFS (the corresponding observed value is 5.3 days). Similarly, the mean 333 

durations of TCs for these two models in cluster 3 are 8.5 days and 3.6 days 334 

respectively. Overall, the multi-model mean duration of TCs compare well with the 335 

respective observed values for all seven clusters in the Southern Hemisphere. For 336 

completeness, we also examined the mean LMI of TCs in each cluster for different 337 

models. Unsurprisingly, the model values of the mean maximum TC intensity are 338 

substantially underestimated compared to the observations due to coarse model 339 

resolutions that are unable to adequately capture TC intensity in explicit simulations.  340 

The relatively high-resolution models of HIRAM (50 km) and CAM5 (25 km; Wehner 341 

et. al. 2015) are able to generate TCs with correspondingly high LMIs (43.2 m s-1 and 342 
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37.8 m s-1, respectively), exceeding even the observed mean LMI for the Southern 343 

Hemisphere (33.8 m s-1) (Table 2).   344 

d. Seasonality 345 

Finally, we examine the extent to which the HWG models’ explicitly-simulated 346 

tracks can replicate seasonality of TCs in various clusters. Overall, all models have 347 

substantial skill in reproducing the seasonal cycle of TCs across most clusters in the 348 

Southern Hemisphere (Fig. 5). For example, in the South Pacific basins (clusters 6 and 349 

7), all models do very well in simulating not only the magnitude of proportions but also 350 

the seasonal variability of TCs. However, a notable exception is in cluster 2 where most 351 

models substantially overestimate the number of TCs, particularly for the early seasons. 352 

All in all, the HWG models perform reasonably well in explicitly simulating 353 

certain characteristics of TC activity, such as seasonality, however much work is 354 

needed to improve the model performance in the Southern Hemisphere in terms of 355 

reproducing actual number of TCs and TC intensity. Some models, such as GFS, 356 

substantially underestimate TC frequency for the entire Southern Hemisphere while 357 

others show widely varying statistics of both the total hemispheric annual TC frequency 358 

and relative proportion of TCs in each cluster (Table 2). Therefore, alternative 359 

techniques such as dynamical downscaling (see the next section) must be additionally 360 

utilized in order to more confidently use these models for climate projection studies.    361 

 362 

4.  Cluster characteristics from downscaled simulations: control climate  363 

a) Formation rate, genesis and tracks  364 

The four downscaled models investigated, HIRAM-D, CMCC-D, GISS-D and 365 

CAM5-D, differ fairly considerably with respect to the annual formation rate of tropical 366 

cyclones (Table 4), ranging from 21.2 TCs per year (i.e., ~80% of the annual observed 367 
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rate of ~27 TCs) in CMCC-D to 36.1 TCs per year in CAM5-D.  Note that a 17 m s-1 368 

wind speed threshold is applied here for the sake of counting TCs. In an analysis of 369 

these same models for the North Atlantic region (Daloz et al. 2015), HIRAM-D 370 

produced the most TCs (65.9 TCs per year), more than twice that of the least active 371 

model of CAM5-D (28.7 TCs per year); whereas for the Southern Hemisphere, 372 

HIRAM-D is somewhere in between the most active and least active and closer to the 373 

observed climatology.  As mentioned in Section 2c, the starting points of the synthetic 374 

tracks are random in space and time, regardless of the host model, so any model 375 

differences in TC formation rates must be due to differences in the large-scale 376 

environment (e.g., deep-layer vertical wind shear, potential intensity, etc.).  Hence the 377 

CAM5-D model appears to have the most favorable environmental conditions for the 378 

initial intensification of TCs (as governed by the CHIPS model) of the four models 379 

examined here. In particular, Emanuel et al. (2008) point out that the initial survival 380 

rate of the seeds is strongly linked to the ambient environmental wind shear.  However, 381 

an analysis of the climatological deep-layer vertical shear over the peak SH season 382 

(JFM) did not reveal any obvious difference between models with disparate annual 383 

storm frequencies (e.g., CAM5 compared to CMCC) (Fig. 10).  This may be partly due 384 

to the deterministic nature of the intensity model (which is also coupled to the ocean 385 

and nonlinear), such that there is likely not a simple attribution to time-averaged 386 

environmental fields as used in empirical approaches to genesis (e.g., genesis potential 387 

indices).  388 

The ranking of the annual frequencies in the explicit simulations (excluding 389 

FSU-E and GFS-E, which have no downscaled counterparts) is not the same as in the 390 

downscaled simulations, with HIRAM-E containing the most storms (33.4 TCs per 391 

year) and GISS-E containing the fewest storms (18.8 TCs per year).  This result points 392 
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to the sensitivity of model TC climatology to model characteristics, in particular 393 

convection parametrizations, as models with very similar large-scale characteristics can 394 

have very different TC climatologies (Kim et al. 2012; 2018).  Another plausible reason 395 

for these discrepancies is that the annual TC frequencies in the explicit simulations may 396 

be sensitive to the model’s ability to simulate precursor synoptic disturbances (the seeds 397 

for subsequent TC development), but the random seeding used in the downscaled tracks 398 

essentially assumes that such precursors are distributed evenly in time and space.   399 

The observed annual frequency of TCs per cluster over the period of most 400 

complete data (i.e., from 1984/85 onwards) ranges from 4-5 (16%-18%) over the open 401 

ocean, to about three near the Australian coast (10%-12%) (Table 4).  With the 402 

exception of C7 in CAM5-D, the proportion of total storms in each cluster generally 403 

falls within the spread of the observations, ranging from 11% to 18% (i.e., there are no 404 

clusters that particularly dominate in terms of TC frequency).  That there are so few 405 

storms in CAM5-D C7 is most likely because of the far eastward extent of its genesis 406 

region (μ = 210.7°E). The genesis potential becomes increasingly less favorable 407 

moving from west to east in the South Pacific (e.g., Camargo 2013), and the historical 408 

best track data indicate that less than 2% of TCs originate eastward of C7’s genesis 409 

centroid in CAM5-D.   410 

 A promising result from the downscaled models is that the spatial characteristics 411 

of the observed track clusters are generally well represented (Figs 6-7; note that kernel 412 

density estimates (KDEs) are shown here rather than the actual genesis points and 413 

tracks due to the sheer number of simulated TCs in the downscaled models).  For 414 

instance, there are four clusters in the South Indian Ocean (with the exception of 415 

CAM5-D, which contains an additional cluster), and three clusters in the South Pacific.  416 

Clusters tend to be well separated by longitude, as in observations, with the exception 417 
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of the far western Indian Ocean.  Nevertheless, there are some notable differences and 418 

biases. Firstly, both HIRAM-D and CMCC-D produce a cluster in the South Atlantic 419 

basin with a high number of TCs (see insets in Figs 6 and 7), where there have been 420 

rare cases of TCs, as discussed above (e.g., Pezza and Simmonds, 2005). South Atlantic 421 

TCs occur also in CAM5-D and GISS-D, but are much less prevalent (note that cluster 422 

8 in the GISS-D model, which contains tracks split over the South Atlantic and South 423 

Pacific basins, is not analyzed here due to the very small number of tracks (~13% of 424 

other clusters) and spatial incoherence).  Secondly, GISS-D and CAM5-D fail to 425 

produce the correct climatological track direction in the South Pacific, maintaining a 426 

south-westerly track direction instead of a south-easterly direction as seen in 427 

observations (Figs. 1 and 7). This discrepancy is presumably due to a misrepresentation 428 

of the large-scale flow in GISS and CAM5 given that the downscaled storm motions 429 

are determined in large part by the horizontal winds at 850 and 200-Pha (Emanuel 430 

2008). 431 

Another very notable bias in the downscaled models is the tendency for TCs to 432 

form and track closer to the equator than in observations (Table 4).  This bias occurs on 433 

average across the Southern Hemisphere, with downscaled storms forming ~3° closer 434 

to the equator, but is particularly evident in the South Indian Ocean, with the median 435 

genesis (track) locations of C2 and C4 occurring 4.3° and 4.8° (5.3° and 4.2°) closer to 436 

the equator than the observed clusters, respectively.  The equatorward bias is likely due 437 

to the random seeding technique, which allows storms to form anywhere poleward of 438 

2°S regardless of season, with dynamical differences in models playing a secondary 439 

role.  This same bias also occurs when historical reanalysis data is used to determine 440 

the synthetic tracks (Emanuel et al. 2008).   441 

 442 
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b) Seasonality  443 

The typical seasonality for the Southern Hemisphere is reproduced well by the 444 

downscaled tracks (Fig. 8) with a peak of activity in the months JFM, flanked by lower 445 

TC formation rates in the late spring to early summer (OND) and autumn (AMJ). About 446 

62% of all storms occur during JFM in observations, whereas the models are less 447 

peaked in that period - ranging from 43% (CAM5-D) to 56% (CMCC-D).  Almost all 448 

models produce too many storms in the Austral autumn (AMJ), with a +12% bias 449 

compared to observations (particularly apparent in the CAM5-D model, which has 450 

comparatively high mid-level relatively humidity over much of the tropical Indo-451 

Pacific in AMJ, especially compared to HIRAM-D and CMCC-D (not shown)).  452 

However, the proportion of synthetic storms forming in the early part of the season 453 

(OND) differs by only a few percent from observations.  Another promising aspect of 454 

the downscaled simulations is their ability to capture the relatively flat seasonality of 455 

C2 and C3 in the Indian Ocean.  That these clusters are less peaked in JFM than other 456 

regions of the Southern Hemisphere has been noted in previous work (e.g., Ramsay et 457 

al. 2012), with the most likely explanation being the mean position and width of the 458 

ITCZ outside of the core TC season (e.g., Berry and Reeder 2014), including the double 459 

ITCZ over the Indian Ocean during the Austral winter and spring (e.g, Waliser and 460 

Gautier 1993; Philander et al. 1996).   461 

 462 

c) Duration and intensity  463 

The mean observed lifetime of TCs during the period of reliable data (i.e., 464 

commencing in 1984/85 with a wind speed threshold of at least 17 m s-1 used to define 465 

genesis) is about 5.6 days (Table 4), with longer-lived storms not surprisingly occurring 466 

in clusters well-removed from major land masses (i.e., C2, C3 and C6).  The 467 
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downscaled TCs have relatively longer lifetimes, ranging from 6.2 days (HIRAM-D) 468 

to 7.4 days (GISS-D), although some of this difference may be due the averaging period 469 

used to define wind speed in the best tracks compared to the downscaling technique, as 470 

discussed below.  471 

 Focusing now on simulated intensity, we find that 25% to 30% of Southern 472 

Hemisphere storms exceed major hurricane intensity based on the Saffir-Simpson 473 

hurricane wind scale (i.e., maximum sustained 1-minute surface winds >=96 knots), 474 

depending on model.  Although the Saffir-Simpson scale is non-standard for Southern 475 

Hemisphere meteorological agencies, we use it here for a more straightforward 476 

comparison with related studies (e.g., Daloz et al. 2015). If a crude conversion factor 477 

of 0.88 is applied to the observed wind speed data to get an equivalent 1-minute average 478 

(V1-min = V10-min/0.88; see Harper at al. 2010 for a detailed discussion on converting 479 

between different wind-averaging periods), then a similar percentage (~24%) of TCs in 480 

the Southern Hemisphere become major hurricanes.  However, applying this simple but 481 

by no means optimal conversion factor to the best track data only introduces additional 482 

ambiguity to an already nonhomogeneous dataset, so we opt to leave the wind speed 483 

data unchanged (i.e., typically a 10-minute average in the Southern Hemisphere).  With 484 

this caveat in mind, only 4.3 TCs per year (16%) reach major hurricane intensity in the 485 

observations.   486 

Other intensity metrics, such as the mean LMI and power dissipation index (PDI) 487 

also are lower in the observed tracks compared to the downscaled tracks (Table 4).  The 488 

positive LMI bias in the models is particularly evident in the South Pacific clusters (C5 489 

to C7), where LMIs are, on average, 9 m s-1 greater than observed LMIs (even after 490 

adjusting for wind-averaging periods, there is still a +4 m s-1 bias).  The average PDI 491 

per storm is about 2 to 3 times higher in the downscaled tracks compared to 492 
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observations.  These biases are reduced somewhat if the downscaled winds are 493 

converted to 10-minute averages (i.e., multiplying the PDIs in the models by ~0.68), 494 

but still persist.  For instance, in HIRAM-D, PDIs based on 10-minute equivalent winds 495 

are still 20-50% higher than in observations.   The positive intensity biases in the 496 

downscaled tracks are consistent with several other biases noted above; namely, 497 

equatorward shifts in genesis locations, tracks, and mean latitude of LMI relative to 498 

observations (Table 4), as well as storm duration.  Both the potential intensity (PI) and 499 

deep-layer vertical wind shear become increasingly more favorable for intensification 500 

at these equatorward latitudes (Figs. 9 and 10), giving physical support for these biases.  501 

Previous work has also shown that storm latitude and storm duration both are strong 502 

determinants of statistical TC intensity (e.g., Kossin et al. 2007).  503 

To investigate these model biases further, an analysis was performed in which the 504 

evolution of the median and 90th percentile wind speeds in the observations and 505 

HIRAM-D were compared side by side (Fig. 11).  This revealed that -- while the median 506 

storm durations are not too dissimilar -- the downscaled TCs have higher wind speeds 507 

at both the median and 90th percentile, particularly after a few days from genesis.  The 508 

LMIs occur at much longer times from genesis in HIRAM-D compared to in 509 

observations, and this is a major contributing factor to the positive PDI bias.  A similar 510 

breakdown of the evolution of the median and 90th percentile winds was performed for 511 

each of the downscaled models (Fig. 12) and revealed similar overall behavior to 512 

HIRAM-D, with any notable differences in intensity being due to differences in the 513 

geographic location and shape of clusters (e.g., CAM5-D’s unique location of C2 and 514 

C3 in the Indian Ocean and differences in the shape of C6 in the Indian Ocean between 515 

HIRAM-D/CMCC-D and GISS-D/CAM5-D).  516 

 517 
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5. Cluster characteristics from downscaled simulations: future climate  518 

Finally, we explore projected changes in three characteristics of the downscaled 519 

storms: (i) mean annual frequency, (ii) mean LMI, and (iii) the mean latitude of LMI 520 

in each of the three warming scenarios (p2K, 2CO2, and p2K2CO2).  Corresponding 521 

changes to seasonally-averaged environmental fields such as PI, mid-level saturation 522 

deficit and relative humidity, and deep-layer vertical wind shear (i.e., the absolute value 523 

of the vector wind difference between 850 and 200 hPa) were also analyzed to provide 524 

physical interpretation of the statistical changes.  Broadly speaking, all models show 525 

increases in PI over the tropics for the two SST warming scenarios (p2K and 526 

p2K2CO2), and typically a slight decrease in PI when the SST is held fixed and the 527 

carbon dioxide doubled (2CO2), in agreement with previous studies (e.g., Held and 528 

Zhao 2011; Wehner and Prabhat 2015). An example of these projected PI changes for 529 

the HIRAM model is shown in Fig. 13. In terms of mid-level saturation deficit, all 530 

models depict broad and robust increases over the tropics for the p2K and p2K2CO2 531 

scenarios, but much smaller changes for the 2CO2 scenario, with both increases and 532 

decreases evident (see HIRAM example, Fig. 14). From theoretical arguments (e.g., 533 

Emanuel 2013), one might expect the increasing saturation deficit in the SST warming 534 

simulations to result in a decrease in overall storm frequency, but the results here 535 

indicate the opposite relationship (consistent with previous results based on this 536 

technique (e.g., Emanuel 2013; Walsh et al. 2015)).  Projected changes of vertical wind 537 

shear are mixed, with both increases and decreases evident over the regions where the 538 

model TCs form and track (see HIRAM example, Fig. 15). 539 

In the p2K scenario, two of the models – CMCC-D and CAM5-D -- show a robust 540 

and statistically significant increase in the annual frequency of TCs in the Southern 541 

Hemisphere (Fig. 16a), whereas HIRAM-D and GISS-D display only relatively small 542 
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(statistically insignificant) frequency changes of +4% and -3%, respectively. CMCC-D 543 

indicates statistically significant increases for all clusters, amounting to a +60% 544 

increase in overall TC frequency.  A similarly large percentage change (+45%) was 545 

found for the North Atlantic region by Daloz et al. (2015) for the same model.   Like 546 

Daloz et al. (2015), the CMCC-D model is the only downscaled model to show 547 

statistically significant increases for all clusters for all future scenarios (p2K, 2CO2, 548 

p2K2CO2; Fig. 16), but it is not obvious why this model should have a different trend 549 

to the others in the 2CO2 scenario, at least from inspection of changes to seasonally-550 

averaged environmental fields (e.g., PI, mid-level saturation deficit and vertical wind 551 

shear – not shown).  CAM5-D has a similar response to CMCC-D under surface 552 

warming (i.e., increased frequency), albeit less drastic, but shows decreasing TC 553 

frequency under double CO2.  In fact, the same scenario-dependent sign changes were 554 

found by Wehner et al. (2015) when analyzing explicitly simulated TCs in the same 555 

low-resolution version of CAM5.    Like CAM5-D, HIRAM-D also reveals a decrease 556 

in total storm frequency when forced with 2CO2 (Fig. 16b).  Note that this decrease 557 

differs from the results of Held and Zhao (2011), who investigated changes to 558 

explicitly-simulated TCs under the same forcing scenarios and found that the roughly 559 

20% reduction in global TC frequency was due in equal parts to p2K and 2CO2. The 560 

results here are broadly consistent with the (increased) global frequency changes 561 

illustrated in Walsh et al. (2015) (see their Fig. 4) in an assessment of the same four 562 

models downscaled models and warming scenarios, although they remain an anomaly 563 

compared to the explicitly-simulated frequency changes (Table 3) as well as to previous 564 

studies based on explicitly-simulated TC tracks, which have indicated typically a 565 

reduction of TC frequency in the Southern Hemisphere with warming (e.g., Walsh et 566 

al. 2016).   567 
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In terms of TC intensity changes for the Southern Hemisphere as a whole, three of 568 

the models, CMCC-D, GISS-D, and CAM5-D reveal statistically significant increases 569 

in the mean LMI under p2K forcing (Fig. 17a), with the most consistent increases 570 

occurring in the South Indian Ocean.  Daloz et al. (2015) found also that the CMCC-D 571 

and CAM5-D models had the largest increases in mean LMI for the North Atlantic 572 

region.  HIRAM-D is an outlier in both surface warming scenarios (p2K and 573 

p2K2CO2), with overall decreases in LMI when averaged over the seven clusters.  574 

Again, it is not clear why this should be the case. For instance, PI increases by roughly 575 

the same amount with surface warming in both HIRAM (Fig. 13a,c) and CMCC (not 576 

shown), yet they display opposite LMI changes.  In both the 2CO2 and p2K2CO2 577 

scenarios, CMCC-D is the only model to show a robust increase in LMI (Fig. 17, b-c).  578 

The negative LMI trend in HIRAM-D is generally consistent across all scenarios, and 579 

is particularly pronounced in p2KCO2.   580 

One of the more robust observational results of the impact of climate change on 581 

global TC activity during recent years has been the poleward migration of the latitude 582 

where TCs reach their LMI (Kossin et al. 2014), and this trend is expected to continue 583 

(at least for the Western North Pacific) as the climate warms further (Kossin et al. 584 

2016).  Fig.  18 shows the change in the mean latitude of LMI for each of the 585 

downscaled models under the three idealized warming scenarios.  The models are 586 

consistent in indicating little or no change of this metric, with some models exhibiting 587 

an equatorward shift (depending on cluster), and others displaying a poleward shift.  588 

The differences in mean latitude of LMI are, for the most part, statistically insignificant, 589 

and there is no one scenario that stands out from the other two. We are careful to point 590 

out, however, that despite these statistics, three of the four CLIVAR simulations 591 

examined here do signify tropical expansion with warming. Based on the latitudinal 592 
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maxima of zonally-averaged sea-level pressure (e.g., Hu et al. 2016; Staten et al. 2018) 593 

during peak TC season (JFM), the p2K and p2K2CO2 scenarios reveal equal 594 

magnitudes of tropical expansion, which ranges between one and three degrees 595 

depending on model (i.e., 3° in HIRAM, 1° in CMCC and 1° in GISS).  The mean 596 

latitude of LMI in these warming scenarios therefore does not appear to be responding 597 

to the circulation changes in any consistent manner.  The physical reasoning for this is 598 

not immediately apparent. The discrepancies between our results and previous studies 599 

(e.g., Kossin et al. 2016) may be partly due to the initial equatorward biases in the 600 

genesis locations, tracks, and latitude of LMI in the historical (20C) runs.  The 2CO2 601 

scenario does not indicate any tropical expansion. It is interesting to note that the 602 

clusters in which most models project a poleward shift in scenarios 2CO2 and 603 

p2K2CO2 are C5 and C6, in the South Pacific, where Daloz and Camargo (2018) found 604 

the most significant trend of poleward genesis position in observations, associated with 605 

LMI poleward shifts.  606 

  607 

6. Discussion and Conclusions 608 

 609 

The ability of a select group of climate models from the U.S. CLIVAR 610 

Working Group on Hurricanes to simulate observed characteristics of TCs in the 611 

Southern Hemisphere has been investigated, including genesis locations and 612 

tracks, lifetime maximum intensity, annual frequency, and seasonality.  Two types 613 

of simulated TCs were explored: (i) explicit TCs, generated using several TC 614 

detection and tracking schemes (Table 1), and (ii) downscaled (‘synthetic’) TCs, 615 

generated using the technique described in a series of papers (Emanuel 2006; 616 

Emanuel et al. 2006; Emanuel et al. 2008).  Both types of tracks were further 617 

partitioned into regional clusters, following the method developed by Gaffney et 618 
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al. (2004).  Although the number of clusters was ultimately a subjective choice, we 619 

found that the choice of 8 clusters allowed for optimal comparison with TC track 620 

clusters from observations (Ramsay et al. 2012).    621 

The six climate models evaluated with respect to the explicitly-simulated 622 

TC tracks for the control climate simulation, namely HIRAM, CMCC, GISS, CAM5, 623 

FSU and GFS, revealed fairly disparate results depending on the TC characteristic 624 

explored.  The HIRAM-E model, for instance, was able to reproduce the observed 625 

track characteristics reasonably well but overestimated the average LMI by about 626 

30% (Table 2).  The annual hemispheric frequency of storms in the explicit tracks 627 

ranged from as low as 5.2 TCs per year (GFS-E), or ~20% of climatology (~27 TCs 628 

per year), to as high as 49.5 TCs per year (FSU-E).  Encouragingly, the annual 629 

frequencies calculated from the multi-model mean were much closer to observed 630 

annual frequencies than any of the individual models, both for specific clusters 631 

and for the Southern Hemisphere as a whole.  An analysis of projected TC 632 

frequency changes using the multi-model mean approach revealed roughly equal 633 

reductions in the Southern Hemisphere (~-16 %) for the p2K and 2CO2 scenarios, 634 

and a slightly larger reduction (~-19%) for the p2K2CO2 scenario.  635 

Clusters generated from the downscaled tracks resulted generally in more 636 

accurate representations of observed track behavior compared to explicit tracks 637 

generated by the same models (Figs 6-7).  Although some models had explicit 638 

tracks that compared well with their downscaled counterparts, as well as with 639 

observations (e.g., HIRAM-E and HIRAM-D, Fig. 3), other models, including CMCC-640 

E, produced a relatively poor spatial depiction of the historical best tracks and 641 

were clearly inferior to the synthetic tracks.  Despite this generally improved 642 

representation of climatological tracks by the downscaled models, there were 643 
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some notable deficiencies. Firstly, the mean track directions in the South Pacific 644 

region in GISS-D and CAM5-D were toward the southwest, counter to the typical 645 

southeasterly direction in the best track data.  Secondly, the median genesis and 646 

track positions exhibited substantial equatorward biases in the downscaled 647 

simulations, between +2° to +4° on average depending on model, which likely 648 

resulted in positive biases of other metrics including TC duration (+1.2 days 649 

across all models), mean LMI (+5 to +8 m s-1 depending on model) and mean PDI.  650 

Therefore, despite the appeal of the synthetic track technique for statistical 651 

analysis (especially for quantifying the likelihood of extreme events (e.g., Emanuel 652 

(2017)), the results from the present study indicate that the technique should not 653 

be taken at face value.  We encourage further work aimed at resolving the track 654 

and intensity biases evident here.  655 

Finally, the downscaled models were evaluated in relation to projected 656 

future changes of three TC metrics: (i) annual frequency, (ii) mean LMI, and (iii) 657 

mean latitude of LMI, when forced with three highly idealized warming scenarios 658 

(+2K, 2CO2, and p2K2CO2).  In terms of changes to annual frequency, the CMDD-659 

D model revealed robust and statistically significant increases under all three 660 

scenarios, with +60% and +36% increases in the p2K and 2CO2 scenarios, 661 

respectively.  The other three downscaled models (HIRAM-D, GISS-D, CAM5-D) 662 

showed both increases and decreases in annual frequency, depending on scenario.  663 

For instance, TC frequency in HIRAM-D and CAM5-D increased under p2K forcing, 664 

but decreased with 2CO2.  In terms of TC intensity changes, the most consistent 665 

increases occurred in the p2K scenario, with three of the four models showing 666 

statistically significant increases in LMI (the outlier being HIRAM-D, which 667 

showed a decrease in LMI in all three warming scenarios).  Changes to the mean 668 
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latitude of LMI were more ambiguous despite the fact that surface warming 669 

resulted in tropical expansion of between one and three degrees in three of the 670 

four downscaled models examined here.  Based on statistical changes of the mean 671 

latitude of LMI alone, there is some evidence to suggest that poleward migration 672 

is more likely in the South Pacific under a doubling of CO2 (compared to a uniform 673 

2K warming), as all four downscaled models in that scenario display a poleward 674 

shift (at least on average across the Southern Hemisphere), with both HIRAM-D 675 

and CAM5-D indicating statistically significant poleward shifts.   676 

 677 
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Table 1.  List of HWG-participating modelling centers and models, along with model 

horizontal resolution, number of years of simulation used in the control experiment, 

and simulated TC track type.  The reference for each model’s TC tracking scheme is 

given in the Explicit tracks column. 

 

Center Model Resolution Years of 

simulation 

(control) 

Explicit 

tracks 

Downscaled 

tracks 

NOAA 

Geophysical 

Fluid 

Dynamics 

Laboratory 

(GFDL) 

HIRAM 50 km 20 Y 

 

Zhao et al. 

(2009) 

Y 

Centro Euro-

Mediterraneo 

sui 

Cambiamenti 

Climatici 

(CMCC) 

CMCC-

ECHAM5 

84 km 10 Y 

 

Walsh (1997) 

Y 

NASA 

Goddard 

Institute for 

Space Studies 

(GISS) 

GISS 111 km 20 Y 

 

Camargo and 

Zebiak (2002) 

Y 

Lawrence 

Berkeley 

National 

Laboratory  

CAM5.1 111 km, 25 

km 

19 (D) 

16 (E) 

Y 

 

Knutson et al. 

(2007) 

Y 

Florida State 

University 

(FSU) 

FSU 

COAPS 

106 km 5 Y 

LaRow et al. 

(2008) 

N 

National 

Centers for 

Environmental  

Prediction  

GFS 106 km 20 Y 

 

Zhao et al. 

(2009) 

N 
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Table 2. Comparison of various TC measures by cluster for the observations (from 

1984 onwards) and the six explicit simulations. Percent values (in parentheses) 

represent the proportions of tropical cyclones from each cluster to the total number of 

tropical cyclones. 

 
Dataset Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 Cluster 7 Total 

 

No. of TCs per year 

OBS 3.9 (15%) 4.3 (16%) 4.2 (16%) 3.2 (12%) 2.7 (10%) 3.8 (14%) 4.8 (18%) 26.9 

HIRAM-E 4.9 (15%) 7.5 (21%) 5.7 (16%) 4.7 (13%) 3.1 (9%) 3.2 (9%) 4.3 (12%) 33.4 

CMCC-E 2.3 (6%) 4.0 (12%) 3.1 (8%) 0.9 (2%) 1.8 (5%) 8.3 (23%) 10.3 (28%) 30.7 

GISS-E 2.0 (9%) 2.4 (11%) 2.2 (10%) 3.2 (15%) 4.2 (21%) 3.2 (15%) 1.6 (8%) 18.8 

CAM5-E 5.5 (21%) 5.4 (21%) 2.7 (11%) 3.2 (12%) 2.3 (9%) 3.1 (12%) 2.1 (9%) 24.3 

FSU-E 7.5 (14%) 8.8 (17%) 4.0 (8%) 10.0 (19%) 6.3 (12%) 6.8 (13%) 6.3 (12%) 49.5 

GFS-E 0.4 (8%) 1.2 (22%) 0.8 (15%) 1.2 (22%) 0.6 (11%) 0.7 (13%) 0.3 (5%) 5.2 

Ensemble 3.8 (14%) 4.9 (18%) 3.1 (12%) 3.9 (14%) 3.1 (12%) 4.2 (16%) 4.1 (15%) 27 

 

Median genesis position (latitude (°S), longitude (°E)) 

OBS 16.3, 51.9 12.5, 72.8 11.9, 95.0 15.3, 119.2 13.8, 139.8 14.2, 163.0 15.7, 187.7  

HIRAM-E 17.2, 52.5 10.8, 69.1 7.3, 74.7 12.3, 120.9 14.3, 156.6 10.8, 167.5 15.8, 179.7  

CMCC-E 26.6, 49.5 17.6, 55.5 12.3, 69.0 10.9, 87.0 13.1, 122.6 13.1, 154.5 15.3, 183.0  

GISS-E 14.5, 66.5 16.5, 60.5 9.6, 96.5 9.6, 152.4 11.5, 161.9 11.5, 173.5 14.6, 187.5  

CAM5-E 14.4, 51.9 5.7, 72.4 9.7, 96.4 14.8, 122.1 10.6, 164.9 14.0, 168.9 18.8, 188.1  

FSU-E 12.2, 50.8 6.3, 54.4 8.0, 68.0 5.2, 82.6 8.4, 125.6 8.2, 160.2 7.8, 178.5  

GFS-E 39.0, 132.0 15.0, 53.0 12.0, 82.0 13.0, 121.0 13.0, 157.0 14.0, 200.0 17.0, 198.0  

 

Mean duration per TC (days) 

OBS 5.3 6.4 7 4.5 5.3 6.2 4.6  

HIRAM-E 6.2 5.9 6.1 6.3 6.0 6.0 6.3  

CMCC-E 3.4 3.7 4.2 4.5 3.6 3.4 3.4  

GISS-E 8.2 8.0 8.3 8.4 7.8 8.2 8  

CAM5-E 8.7 8.7 8.5 8.5 8.1 8.5 8.0  

FSU-E 4.8 4.9 5.1 4.9 5.1 4.9 5.1  

GFS-E 3.5 3.2 3.6 3.2 3.5 3.3 4.3  

Ensemble 5.8 5.7 6.0 6.0 5.7 5.7 5.9  

 

Mean LMI per TC (m s-1) 

OBS 32.3 33 35.2 35.8 32.1 35.6 32.5  

HIRAM-E 48.4 42.9 35.8 42.8 45.1 41.2 46.2  

CMCC-E 23.7 28.1 23.7 20.8 21.1 21.6 21.3  

GISS-E 12.3 11.6 11.6 11.8 12.8 12.9 13.3  

CAM5-E 45.0 31.2 39.1 39.5 35.9 40.2 33.4  

FSU-E 33.7 29.5 28.5 26.2 29.4 25.0 27.6  

GFS-E 21.9 19.4 18.7 25.5 19.5 20.5 21.1  

Ensemble 30.8 27.1 26.5 27.8 27.3 26.9 27.2  
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Table 3.  The annual number of TCs in the six explicit simulations for the control 

(20C) climate and the three idealized warming scenarios: p2K, 2CO2 and p2K2CO2.  

The ensemble mean number of TCs for each cluster, as well as the total number, and 

the percent change for each ensemble (relative to 20C) are shown in bold. 

 
Dataset Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 Cluster 7 Total 

 

No. of TCs per year in 20C  

OBS 3.9  4.3  4.2  3.2  2.7  3.8  4.8  26.9 

HIRAM-E 4.9  7.5 5.7  4.7  3.1 3.2 4.3  33.4 

CMCC-E 2.3  4.0  3.1 0.9  1.8  8.3  10.3  30.7 

GISS-E 2.0  2.4  2.2  3.2  4.2  3.2  1.6  18.8 

CAM5-E 5.5  5.4  2.7  3.2  2.3  3.1  2.1  24.3 

FSU-E 7.5  8.8  4.0 10.0  6.3  6.8  6.3  49.5 

GFS-E 0.4  1.2  0.8  1.2  0.6  0.7  0.3  5.2 

Ensemble 3.8  4.9  3.1  3.9  3.1  4.2  4.1  27 

 

No. of TCs per year in p2K 

HIRAM-E 3.9 5.9 4.5 4 2.7 2.9 3.4 27.3 

CMCC-E 1.3 2.7 1.9 2.6 3 7 10.9 29.4 

GISS-E 1.3 1.8 1.1 2.6 2.7 3.3 1.7 14.5 

CAM5-E 6.5 2.5 2.9 3.7 3.0 2.4 1.8 22.8 

FSU-E 8.0 7.0 2.5 6.5 4.5 2.8 3.3 34.6 

GFS-E 0.6 1.6 0.7 1.8 1 0.6 0.3 6.6 

Ensemble 3.6 3.6 2.3 3.5 2.8 3.2 3.6 22.5 

% Change -4.4 % -26.6 % -26.5 % -8.6 % -7.7 % -24.9 % -14.1 % -16.6 % 

 

No. of TCs per year in 2CO2 

HIRAM-E 4.3 7.4 5.5 4.7 3.4 2.3 4.2 31.8 

CMCC-E 2 2.2 2.3 1 2.9 7.4 6.1 23.9 

GISS-E 2.3 2.6 1.7 2.2 3.4 2.1 1.6 15.9 

CAM5-E 3.7 3.3 1.9 3.8 0.9 1.7 1.6 16.9 

FSU-E 6.7 9.0 2.8 5.7 9.5 3.5 5.5 42.7 

GFS-E 0.5 1.6 0.5 1.2 1.2 0.2 0.3 5.5 

Ensemble 3.3 4.4 2.5 3.1 3.6 2.9 3.2 22.8 

% Change -13.7 % -10.9 % -20.5 % -19.8 % 16.4 % -32.0 % -22.5 % -15.7 % 

 

No. of TCs per year in p2K2CO2 

HIRAM-E 4.1 5.5 2.7 3.7 2 1.6 3.1 22.7 

CMCC-E 1.2 2.3 0.9 0.8 3.4 6.1 7.6 22.3 

GISS-E 2.2 1.2 1.3 1.9 3.1 2.6 2.8 15.1 

CAM5-E 5.4 1.9 2.1 3.5 1.6 1.9 1.6 18.0 

FSU-E 6.0 10.8 3.0 5.0 9.8 5.5 5.8 45.9 

GFS-E 0.9 1.8 0.9 1.4 1.4 0.4 0.2 7.0 

Ensemble 3.3 3.9 1.8 2.7 3.6 3.0 3.5 21.8 

% Change -12.4 % -19.8 % -41.1 % -29.7 % 16.4 % -28.5 % -15.3 % -19.2 % 
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Table 4.  As in Table 2, but for the downscaled track simulations. The observed track 

statistics (OBS) are for the period 1984 onwards.  

  
Dataset Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 Cluster 7 Cluster 8 Total 

No. of TCs per year 

OBS 3.9 (15%) 4.3 (16%) 4.2 (16%) 3.2 (12%) 2.7 (10%) 3.8 (14%) 4.8 (18%)  26.9 

HIRAM-D 4.8 (15%) 4.6 (15%) 4.3 (14%) 4.7 (15%) 4.2 (13%) 5.1 (16%) 3.7 (12%) X 31.4 

CMCC-D 3.1 (14%) 2.3 (11%) 3.0 (14%) 3.1 (15%) 3.3 (16%) 3.6 (17%) 2.8 (13%) X 21.2 

GISS-D 4.5 (17%) 3.3 (12%) 4.4 (16%) 3.4 (12%) 3.2 (12%) 4.7 (17%) 3.8 (14%) X 27.1 

CAM5-D 5.2 (14%) 4.3 (12%) 4.9 (14%) 5.1 (14%) 4.0 (11%) 6.6 (18%) 1.8 (5%) 4.1 (11%) 36.1 

No. of major hurricane per year 

OBS 0.5 (12%) 0.7 (16%) 1.0 (22%) 0.7 (16%) 0.4 (9%) 0.5 (11%) 0.6 (14%) X 4.3 

HIRAM-D 0.7 (9%) 1.3 (17%) 1.2 (16%) 1.1 (13%) 1.2 (15%) 1.7 (22%) 0.8 (10%) X 8.0 

CMCC-D 0.6 (10%) 0.6 (9%) 0.7 (12%) 0.8 (13%) 1.0 (16%) 1.7 (28%) 0.7 (12%) X 6.0 

GISS-D 0.9 (11%) 0.9 (11%) 1.4 (17%) 1.0 (12%) 1.0 (12%) 1.6 (20%) 1.4 (17%) X 8.2 

CAM5-D 1.0 (10%) 1.6 (15%) 2.0 (19%) 1.3 (12%) 1.4 (13%) 2.1 (21%) 0.4 (4%) 0.7 (7%) 10.4 

Median genesis position (latitude (°S), longitude (°E))  

OBS 16.3, 51.9 12.5, 72.8 11.9, 95.0 15.3, 119.2 13.8, 139.8 14.2, 163.0 15.7, 187.7 X  

HIRAM-D 13.2, 64.3 8.2, 62.5 9.1, 93.1 11.2, 120.4 11.3, 155.1 13.5, 172.7 16.5, 201.4 X  

CMCC-D 13.1, 63.5 9.3, 60.3 9.2, 91.5 10.7, 117.5 10.8, 157.3 12.1, 176.9 15.2, 200.9 X  

GISS-D 13.7, 60.6 7.4, 65.8 9.6, 87.8 9.4, 118.4 10.7, 150.7 12.7, 171.8 13.2, 197.8 X  

CAM5-D 9.4, 57.4 7.8, 79.8 9.5, 101.7 10.7, 122.9 9.9, 152.6 11.9, 176.7 12.3, 208.3 10.8, 78.1  

Median track position (latitude (°S), longitude (°E)) 

OBS 20.8, 52.9 15.6, 66.7 15.2, 88.6 17.7, 115.7 14.5, 136.4 18.4, 163.9 21.5, 193.0 X  

HIRAM-D 20.2, 63.9 10.4, 53.1 12.8, 79.8 13.7, 114.1 13.1, 149.6 17.3, 171.3 21.8, 201.1 X  

CMCC-D 19.5, 64.1 10.9, 55.0 12.8, 78.7 12.3, 111.3 12.7, 155.8 15.4, 180.1 20.1, 207.6 X  

GISS-D 17.9, 54.0 9.1, 53.3 14.4, 73.6 12.9, 103.5 12.5, 140.9 16.2, 167.4 16.7, 192.6 X  

CAM5-D 11.8, 47.4 10.9, 62.8 13.1, 89.0 15.2, 116.1 12.2, 138.8 16.5, 170.6 17.4, 202.5 17.7, 67.0  

Mean duration per TC (days) 

OBS 5.3 6.4 7.0 4.5 5.3 6.2 4.6 X  

HIRAM-D 5.7 6.6 7.9 6.1 5.4 6.2 5.7 X  

CMCC-D 6.6 7.6 8.2 8.6 6.7 7.1 6.5 X  

GISS-D 6.4 8.7 8.4 8.4 7.0 6.2 6.5 X  

CAM5-D 4.9 8.1 8.4 5.8 6.3 6.0 6.1 5.8  

Mean LMI per TC (m s-1) 

OBS 32.3 33.0 35.2 35.8 32.1 35.6 32.5 X  

HIRAM-D 34.5 39.9 40.8 36.7 39.3 43.5 38.0 X  

CMCC-D 37.1 39.4 39.4 39.4 41.7 47.9 41.2 X  

GISS-D 37.1 40.9 41.5 41.0 41.4 42.5 43.5 X  

CAM5-D 36.1 44.4 45.5 39.8 44.0 43.8 38.0 35.2  

Mean latitude (°S) of LMI  

OBS 20.3 15.0 15.0 17.8 15.1 17.5 20.7 X  

HIRAM-D 21.1 9.4 12.6 14.8 13.4 17.7 23.8 X  

CMCC-D 20.7 10.3 12.1 12.8 12.7 16.0 21.8 X  

GISS-D 18.5 9.4 13.8 12.7 12.4 16.1 17.4 X  

CAM5-D 10.8 9.8 12.6 15.5 11.7 16.7 19.5 17.4  

Mean PDI per TC (x10-5 m s-1) 

OBS 4.5 5.9 7.2 5.0 4.6 6.4 5.1 X  

HIRAM-D 7.2 10.9 13.8 8.8 9.9 14.6 9.4 X  

CMCC-D 8.2 11.3 12.3 12.5 12.4 18.5 11.8 X  

GISS-D 8.2 13.5 14.3 14.0 11.9 13.5 14.3 X  

CAM5-D 6.4 15.9 19.2 9.4 14.6 14.9 10.0 6.9  
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Figure Captions  

 

Figure 1.  Observed TC tracks (left panels, blue curves), genesis locations (middle 

panels, blue circles), and landfall locations (right panels, red circles) for the 7 clusters 

as analyzed in Ramsay et al. (2012).   The red curves in the far-left column display the 

mean regression trajectories from the clustering algorithm. The total TC count for 

each cluster is indicated next to the cluster number. 

 

Figure 2. Explicit TC genesis locations for different models. Corresponding clusters 

are indicated with similar colors from left-to-right: e.g. red is cluster 1, blue cluster 2, 

and so on.    

 

Figure 3.  Comparison of explicit tracks (left panels and (o)) and normalized 

downscaled tracks (right panels and (p)) for the GFDL HIRAM model.  The red 

curves display the mean regression trajectories from the clustering algorithm. The 

number of storms in each cluster is given next to the cluster number. 

 

Figure 4.  Explicit tracks from the GFS model.  The cluster color scheme is the same 

as in Fig. 2.   

 

Figure 5.  Seasonality of TCs from the explicit simulations compared to observations, 

expressed as a percentage of total storm count in each cluster and model. 

 

Figure 6.   Kernel density estimates of TC genesis locations from the downscaled 

models, compared to observations (top panel).  The 50% KDE contours are shown. 

The median genesis points are indicated by the solid circles. The clusters are 

identified by the same color scheme as in Fig. 2 (i.e., from left-to-right, red is cluster 

1, blue cluster 2, and so on).   

 

 

Figure 7. Kernel density estimates of TC tracks from the downscaled models, 

compared to observations (top panel).  The 75% KDE contours are shown. The 

median track points for the first 10 days are indicated by the solid circles. The clusters 

are identified by the same color scheme as in Fig. 2 (i.e., from left-to-right, red is 

cluster 1, blue cluster 2, and so on). 

 

Figure 8. As in Fig. 5, but for the downscaled simulations. 

 

Figure 9. The potential intensity (m s-1) for each model’s climatology (‘20C’) run, 

averaged over the peak Southern Hemisphere TC season months of January-March. 

The asterisks indicate LMI positions taken from a random sample of 200 synthetic 

tracks for each model.   

 

Figure 10. As in Fig. 9, but for the 850-200-Pa vertical wind shear (m s-1) (i.e., 

magnitude of the vector difference between the horizontal winds at 850 and 200 hPa). 

 

 

Figure 11. Time evolution of the median (solid curves) and 90th percentile (dashed 

curves) wind speeds for observed tracks (blue) and HIRAM-D tracks (red).  The 
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vertical dashed lines indicate the median duration of the tracks in each case. The 

individual downscaled intensity trajectories are shown in grey. 

 

Figure 12.  Time evolution of the median (solid curves) and 90th percentile (dashed 

curves) wind speeds, by cluster, for the four downscaled models. 

 

Figure 13.  Projected changes of potential intensity (m s-1) in HIRAM for the three 

future scenarios: (i) p2K (top panel), 2CO2 (middle panel), and p2K2CO2 (bottom 

panel). The asterisks indicate LMI positions taken from a random sample of 200 

synthetic tracks for each model.   

 

Figure 14. As in Figure 13, but for projected changes of saturation deficit at 600 hPa 

(i.e., q – qsat). Note that the saturation deficit is defined here as negative to begin with, 

so a negative change indicates an increase in magnitude.  Units are g kg-1. 

 

Figure 15.  As in Fig. 13, but for projected changes of 850-200-hPa vertical wind 

shear (m s-1).   

 

Figure 16.  Projected changes in annual TC frequency for the downscaled simulations 

under three idealized warming scenarios: (a) p2K, (b) 2CO2, and (c) p2K2CO2. The 

black lines show the 95% BCa confidence intervals. 

 

Figure 17.  As in Fig. 11, but for projected changes in mean lifetime maximum 

intensity (LMI). 

 

Figure 18.  As in Fig. 11, but for projected changes in the mean latitude of LMI. Note 

that a negative change corresponds to a poleward shift in the mean latitude of LMI, 

and a positive change indicates an equatorward shift.   
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Figure 1.  Observed TC tracks (left panels, blue curves), genesis locations (middle 

panels, blue circles), and landfall locations (right panels, red circles) for the 7 clusters 

as analyzed in Ramsay et al. (2012).   The red curves in the far-left column display the 

mean regression trajectories from the clustering algorithm. The total TC count for 

each cluster is indicated next to the cluster number. 
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Figure 2. Explicit TC genesis locations for different models. Corresponding clusters 

are indicated with similar colors from left-to-right: e.g. red is cluster 1, blue cluster 2, 

and so on.    
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Figure 3.  Comparison of explicit tracks (left panels and (o)) and normalized 

downscaled tracks (right panels and (p)) for the GFDL HIRAM model.  The red 

curves display the mean regression trajectories from the clustering algorithm. The 

number of storms in each cluster is given next to the cluster number. 
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Figure 4.  Explicit tracks from the GFS model.  The cluster color scheme is the same 

as in Fig. 2.   
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Figure 5.  Seasonality of TCs from the explicit simulations compared to observations, 

expressed as a percentage of total storm count in each cluster and model.  
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Figure 6.   Kernel density estimates of TC genesis locations from the downscaled 

models, compared to observations (top panel).  The 50% KDE contours are shown. 

The median genesis points are indicated by the solid circles. The clusters are 

identified by the same color scheme as in Fig. 2 (i.e., from left-to-right, red is cluster 

1, blue cluster 2, and so on).   
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Figure 7. Kernel density estimates of TC tracks from the downscaled models, 

compared to observations (top panel).  The 75% KDE contours are shown. The 

median track points for the first 10 days are indicated by the solid circles. The clusters 

are identified by the same color scheme as in Fig. 2 (i.e., from left-to-right, red is 

cluster 1, blue cluster 2, and so on).   
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Figure 8. As in Fig. 5, but for the downscaled simulations.  
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Figure 9. The potential intensity (m s-1) for each model’s climatology (‘20C’) run, 

averaged over the peak Southern Hemisphere TC season months of January-March. 

The asterisks indicate LMI positions taken from a random sample of 200 synthetic 

tracks for each model.   
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Figure 10. As in Fig. 9, but for the 850-200-Pa vertical wind shear (m s-1) (i.e., 

magnitude of the vector difference between the horizontal winds at 850 and 200 hPa). 
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Figure 11. Time evolution of the median (solid curves) and 90th percentile (dashed 

curves) wind speeds for observed tracks (blue) and HIRAM-D tracks (red).  The 

vertical dashed lines indicate the median duration of the tracks in each case. The 

individual downscaled intensity trajectories are shown in grey.  
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Figure 12.  Time evolution of the median (solid curves) and 90th percentile (dashed 

curves) wind speeds, by cluster, for the four downscaled models.   
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Figure 13.  Projected changes of potential intensity (m s-1) in HIRAM for the three 

future scenarios: (i) p2K (top panel), 2CO2 (middle panel), and p2K2CO2 (bottom 

panel). The asterisks indicate LMI positions taken from a random sample of 200 

synthetic tracks for each model.   
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Figure 14. As in Figure 13, but for projected changes of saturation deficit at 600 hPa 

(i.e., q – qsat). Note that the saturation deficit is defined here as negative to begin with, 

so a negative change indicates an increase in magnitude.  Units are g kg-1.  
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Figure 15.  As in Fig. 13, but for projected changes of 850-200-hPa vertical wind 

shear (m s-1).   
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Figure 16.  Projected changes in annual TC frequency for the downscaled simulations 

under three idealized warming scenarios: (a) p2K, (b) 2CO2, and (c) p2K2CO2. The 

black lines show the 95% BCa confidence intervals.  
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Figure 17.  As in Fig. 11, but for projected changes in mean lifetime maximum 

intensity (LMI). 
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Figure 18.  As in Fig. 11, but for projected changes in the mean latitude of LMI.  Note 

that a negative change corresponds to a poleward shift in the mean latitude of LMI, 

and a positive change indicates an equatorward shift.   

 


