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A T M O S P H E R I C  S C I E N C E

A globally consistent local-scale assessment of  
future tropical cyclone risk
Nadia Bloemendaal1*, Hans de Moel1, Andrew B. Martinez2,3, Sanne Muis1,4,  
Ivan D. Haigh5, Karin van der Wiel6, Reindert J. Haarsma6, Philip J. Ward1,  
Malcolm J. Roberts7, Job C. M. Dullaart1, Jeroen C. J. H. Aerts1

There is considerable uncertainty surrounding future changes in tropical cyclone (TC) frequency and intensity, 
particularly at local scales. This uncertainty complicates risk assessments and implementation of risk mitigation 
strategies. We present a novel approach to overcome this problem, using the statistical model STORM to generate 
10,000 years of synthetic TCs under past (1980–2017) and future climate (SSP585; 2015–2050) conditions from an 
ensemble of four high-resolution climate models. We then derive high-resolution (10-km) wind speed return pe-
riod maps up to 1000 years to assess local-scale changes in wind speed probabilities. Our results indicate that the 
probability of intense TCs, on average, more than doubles in all regions except for the Bay of Bengal and the Gulf 
of Mexico. Our unique and innovative methodology enables globally consistent comparison of TC risk in both 
time and space and can be easily adapted to accommodate alternative climate scenarios and time periods.

INTRODUCTION
Tropical cyclones (TCs) are responsible for the highest insured losses 
of any natural hazard, exceeding $480 billion in the United States 
alone over the last decade (1). TCs are projected to become more 
intense in a warming climate (2), enhancing the risks associated 
with their wind speeds, precipitation, storm surges, and waves 
(3, 4). TC losses have shown to rise steeply and nonlinearly with 
increasing intensity (5–9). Moreover, TC losses can vary greatly 
across spatial scales, with the largest losses often found in more 
densely populated areas. Hence, to better protect coastal communities 
from future TC impacts, it is vital to improve our understanding of 
future changes in local-scale TC hazards and risk.

Future climate TC impact assessments often rely on climate pro-
jections from global climate models (GCMs) for specific scenarios 
of carbon emissions. However, GCMs provide limited information 
on how climate extremes such as TCs may change (10, 11), primarily 
because the spatial resolution of past-generation GCMs (±1.0°) is 
insufficient to adequately resolve TC intensity, size, and track (12). 
Consequently, there is no consensus on the projected change in TC 
frequency and characteristics under various climate change scenarios 
(2), particularly at the local scale. Recently, substantial progress has 
been made with the development of high-resolution GCMs (±0.25°) 
(13). However, these GCMs still struggle to capture the most in-
tense TCs (10), both through continued limitations in resolution 
and numerical precision (14) and from parameterizations of con-
vective processes that do not hold for intense TCs, such as the 
assumption of hydrostatic balance. In addition, GCM simulations 
typically only cover 30- to 100-year periods of historical and future 

climate (13), resulting in a small sample of TCs. This is an 
important constraint that further limits the accurate estimation of 
(changes in) the probability of extreme events in time and in space.

Several approaches exist to overcome the issues of poor TC 
representation and short simulations. One method to simulate 
future-climate TCs in a high-resolution setting is the pseudo–global 
warming (PGW) approach. Such experiments consist of a reference 
experiment forced with baseline climate conditions, and a “future” 
experiment in which a systematic change is added to these baseline 
conditions. PGW experiments are specifically designed to simulate 
a specific weather event (such as a historical TC) in a different 
climate setting while keeping the meteorological dynamical details 
of the event the same (15–17). Hence, a PGW experiment cannot be 
used to simulate new TCs that show unprecedented behavior, inde-
pendent of that observed in the input dataset, or to investigate 
changes in probability. Another approach that does support the 
creation of new TCs is the so-called dynamical downscaling approach 
(5, 18). In this approach, atmospheric variables are extracted from 
GCMs to create a large-scale environment in which TCs are ran-
domly seeded and simulated using a TC model. This downscaling 
approach, however, requires a substantial number of inputs, and 
the simulated effects of climate change on TCs are only caused by 
processes in the large-scale environment (e.g., changes in wind 
shear or enhanced atmospheric stability), rather than changes in, 
for instance, genesis frequency.

Another approach is synthetic modeling (19–21). Here, TC 
characteristics are extracted from either historical data (21, 22) or 
GCM simulations (4), and are either statistically or dynamically 
resampled and modeled to generate a synthetic TC dataset, span-
ning thousands of years. This supports robust estimations of return 
periods (RPs) exceeding the temporal length of the input data. Such 
global-scale RP estimations were derived for the present climate by 
Bloemendaal et al. (23) and Lee et al. (20). In their future-climate 
study, Lee et al. (18) also present RP maps for category 4 TC events; 
however, these RPs were derived at 3.6° × 1.8° (±400 km × 200 km) grid 
cells, which is too coarse for local-scale TC risk assessments. Future-
climate, global-scale, high-resolution RP maps for various TC wind 
speeds have not been derived thus far.
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Here, we use the Synthetic Tropical cyclOne geneRation Model 
(STORM) (19) to create globally consistent wind speed RP maps at 
10-km resolution and for various RPs up to 1000 years. To derive 
these hazard maps, we first design a framework to generate fu-
ture-climate synthetic TCs, thereby combining the benefits of 
high-resolution GCMs and synthetic modeling (see Materials and 
Methods). In this framework, we extract information on changes in TC 
variables (1979–2014 versus 2015–2050) from four high-resolution 
GCM simulations based on a high-emission scenario. Next, we 
project these changes onto the same TC variables from historical 
data (24), which served as input for the STORM baseline climate 
dataset (STORM-B) (19). We thereby create input variables relat-
ed to the future climate for each GCM. Next, we use this as input for 
STORM to simulate 10,000 years of future TC activity under cli-
mate change (STORM-C). Last, we convert the synthetic tracks to a 
two-dimensional (2D) wind field using a parametric model (25) 
and calculate the wind speed RPs at a 10-km resolution. All datasets 
presented in this study are publicly available and can be used as 
(forward looking) hazard maps in catastrophe models commonly used 
by the public (e.g., academia, policymakers, and nongovernmental 
organizations) and the private sectors [e.g., consultancy and (re)
insurance companies].

RESULTS
Generation of synthetic tropical cyclones under 
climate change
Our results show a global-scale increase in the frequency of occurrence 
of intense TCs (i.e., exceeding category 3 on the Saffir-Simpson 
Hurricane Wind Scale) (26) and a decrease in the frequency of 
weaker systems such as tropical storms (Fig. 1). We find similar 
results for the different basins except the Bay of Bengal (North 
Indian), where the frequency of intense TCs decreases under climate 
change. This is in line with results from other studies using high-
resolution (finer than 28 km × 28 km) GCMs (2)).

The results also indicate an increase in the magnitude of TC 
intensity, here assessed through the average maximum wind speed 
(meters per second) across all four STORM-C datasets (table S1). On 
a global scale, maximum wind speeds increase from 35.0 ± 1.9 m/s 
in the baseline (leftmost column in table S1) to an average of 
39.9 ± 3.0 m/s across the future-climate STORM-C datasets (right-
most column in table S1), with all GCMs agreeing on the direction 
of change. In line with results obtained in other studies (2, 27, 28), 
our results also show a robust change on a basin scale. The largest 
differences in average maximum wind speeds are found in the Eastern 
Pacific, with an increase of 7.7 m/s compared to the baseline (37.0 
to 44.7 m/s). Relative increases in maximum wind speeds between 
the baseline and the different future-climate datasets for the different 
basins lie between 7.2 and 23.8% (table S2). While the sign of change 
is the same, our range is higher than that of Knutson et al. (2), who 
report a range of 1 to 10% derived from synthesizing the results 
from many GCM-based studies. Possible reasons for these differ-
ences in range include (i) the strong dependency of TC intensity on 
sea surface temperatures (SSTs) in STORM. We calculate the maxi-
mum potential intensity (MPI; in hectopascal) from these SSTs, 
which serves as an environmental constraint on the maximum TC 
intensity. Regions with lower SSTs are therefore more susceptible to 
TC weakening. In reality, TC weakening is also governed by (among 
other factors) enhanced (vertical) wind shear, the entrainment of 

dry air, and the influence of nearby land masses (29, 30). STORM 
does not simulate these processes, and therefore, TC weakening 
may be better represented in GCMs. (ii) Another potential cause for 
the difference in estimated intensity changes is the fact that STORM 
uses a lower bound for the maximum wind speed, set at 18 m/s. It is 
plausible that previous studies (2) did not contain such threshold 
and that the intensity increases under climate change are therefore 
somewhat tempered by these weaker storms. (iii) Last, the analysis 
by Knutson et al. (2) also consists of lower-resolution GCMs than 
used in our study (see Materials and Methods). Because TC intensity 
is commonly inadequately resolved in coarser-resolution GCMs 
(12), this might also drive the differences in the ranges of future 
maximum wind speed changes.

Besides the overall projected increase in TC intensity, the STORM-C 
datasets also show a robust increase in the frequency of intense 
(category 4 and category 5) TCs, with results ranging between 
0.5 and 219% across the different regions (table S2). This increase is 
driven by the combination of an increase in TC intensity and a 
decrease in TC frequency (see below). Our range of increase falls 
well within the range presented by Knutson et al. (2), who deduced 
relative changes ranging between approximately −80 and 697% [see 
Figure 2 in Knutson et al. (2)]. For some regions, however, our esti-
mates lie north of the 90th percentile value. This is particularly evi-
dent in the Southern Pacific, where our relative changes range between 
97 and 218%, whereas the 90th percentile value of Knutson et al. (2) 
lies closer to 25%. However, they also show that the lower-resolution 
models are typically projecting a decrease in the frequency of intense 
TCs. This may skew the results toward lower relative changes 
compared to solely using high-resolution models such as those used 
in our study.

In agreement with literature (2), all four STORM-C datasets 
indicate a global decrease in annual TC genesis frequency com-
pared to the baseline STORM-B dataset (table S1), amounting to 
72.4 ± 1.4 in the baseline climate to an average of 69.6 ± 3.1 across 
the four future-climate datasets. For two of the four GCMs (CMCC 
and HadGEM3), the decrease is within 1 standard deviation (SD) of 
the baseline (72.0 ± 1.5 and 72.2 ± 1.5, respectively), and we therefore 
do not consider it to be statistically significant. At the basin level, how-
ever, the four STORM-C datasets only agree on the sign of change 
in the South Indian basin, while in the other regions, they do not.

The STORM-C datasets show a future poleward expansion of 
the location of maximum intensity in the Northern Hemisphere, 
particularly in the Western Pacific and the North Atlantic (fig. S1). 
This poleward shift is driven by an increase in SSTs at higher 
latitudes, supporting TC tracks further northward, and is consistent 
with previous studies (31, 32).

Changes in low-probability events
The main advantage of our approach is that the large sample of 
synthetic TC tracks allows for a more robust assessment of changes 
in low-probability events. For this assessment, we derive wind speed 
RPs at high spatial resolution (10 km) by coupling the STORM-B and 
STORM-C datasets to a 2D wind parametric wind field (see Materials 
and Methods). For the ensemble median of the STORM-C datasets, 
we observe an increase in maximum wind speeds compared to 
STORM-B at most locations for the 100- and 1000-year RP (Fig. 2). 
The largest basin-scale mean increase is found in the Eastern Pacific, 
amounting to an average basin-scale increase of 5.5 m/s across all 
10-km grid cells at the 1000-year RP (see tables S6 and S7). There 
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Fig. 1. Relative and absolute frequency of different TC categories (tropical storm, category 1 to category 5) for 10,000 years of baseline climate STORM-B data 
and 10,000 years of future-climate STORM-C data for each of the four GCMs. Relative numbers are indicated by the height of the colored bar chart; absolute frequency 
(given as average per year) per TC category and per input dataset are indicated to the right of the respective colored bar chart. The total number of cyclone formations is 
indicated by N in the x axis label. We plot the global statistics, the six basins originally modeled by STORM (Eastern Pacific, North Atlantic, North Indian, South Indian, 
South Pacific, and Western Pacific), and two subregions, the Gulf of Mexico and the Bay of Bengal.
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are also regions for which our results show a decrease in maximum 
wind speeds such as the Bay of Bengal, where maximum wind 
speeds decrease up to 15 m/s for the 1000-year RP. This decrease is 
primarily driven by a shift in simulated TC genesis locations closer to 
the Indian/Sri Lankan land masses, associated with a northward shift in 
the Intertropical Convergence Zone (33). This shift increases the chances 
of a TC making landfall before intensifying further, predominantly 
reducing the formation chances of category 5 TCs (see also Fig. 1).

There is only a minor change in maximum wind speeds for both 
RPs in the Gulf of Mexico and the Caribbean, although our results 
do show an increase in the relative frequency of intense TCs in this 
region (Fig. 1). In this region, the absolute frequency of high-intensity 
TCs does not change much toward the future (2767 TCs in the base-
line versus an ensemble median of 2624 across the future-climate 
datasets). However, as the total frequency of TCs decreases (seen in 

three of the four GCMs; see table S1), the relative frequency of 
intense TCs also decreases slightly, resulting in similar RP for these 
events. These findings are consistent with other literature (34). Note 
that STORM does not model extratropical transition of TCs; hence, 
maximum wind speeds and corresponding RP analyses in extra-
tropical regions (poleward of 40°N/S) should be disregarded as they 
may be represented incorrectly. Furthermore, this RP analysis is 
carried out at the basin scale; hence, there is often no smooth tran-
sition of maximum wind speeds near the basin boundaries—this is, 
for instance, visible at the Eastern/Western Pacific basin boundary.

Next, we assess how RPs of maximum wind speeds change for 
18 coastal megacities located in TC-prone regions (Fig. 3). For 14 cities, 
the simulations show an increase in maximum wind speeds across 
the range of RPs, indicating an increase in TC hazard. For Nouméa 
(New Caledonia), the maximum wind speed at the 100-year RP 

Fig. 2. Change in 10-min 10-m average maximum wind speed between STORM-B and the ensemble median of the STORM-C datasets. The STORM-B and STORM-C 
datasets correspond to the average climate conditions of 1980-2017 and 2015-2050, respectively. Subpanels show the change in wind speed at the 100 (A)  and 1000 
(B) RPs, respectively. Red tones indicate a positive change (i.e., an increase in wind speed), and blue tones indicate a negative change.
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increases from 46.8 m/s in the baseline climate to 53.0 to 59.0 m/s 
under climate change, which is the largest increase across the 18 cities. 
At the 1000-year RP, the largest increase in maximum wind speed is 
found for San Diego (USA), increasing from 34.3 m/s to 42.9 to 

48.2 m/s. The cities in the North Atlantic basin all lie within the Gulf 
of Mexico and Caribbean region, where the STORM-C dataset shows 
a very minor change in wind speed RPs. Hence, the STORM-C RP 
curves for these cities (Houston, Miami, and San Juan) deviate little 

Fig. 3. Empirically derived RPs of of maximum 10-min 10-m average wind speeds within a radius of 100 km for a selection of 18 coastal cities. The 18 coastal 
cities are evenly distributed over the six ocean basins: Eastern Pacific (A), North Atlantic (B), North Indian (C), South Indian (D), South Pacific (E), and Western Pacific (F). 
The solid line represents the STORM-B RPs (corresponding to the average climate conditions of 1980-2017). The shaded areas indicate the range of RPs of the four 
STORM-C datasets (corresponding to the average climate conditions of 2015-2050).
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from the STORM-B RP curve. To illustrate, the largest absolute change 
in the 100-year wind speed across these three cities is only 2.5 m/s 
for San Juan. For Chittagong (Bangladesh), located in the Bay of 
Bengal, the STORM-C RP curve is substantially lower than the 
baseline, especially for RPs ranging from 100 to 10,000 years.

We also calculate the change in RPs for given wind speed thresholds. 
The probability of category 1 and category 3 TC wind speeds in-
creases everywhere, except the Bay of Bengal and the Gulf of Mexico 
(Fig. 4). In the Pacific and North Atlantic basins, the highest posi-
tive factor changes for category 3 TCs are generally found toward 
the boundaries of the regions prone to these wind speeds (between 
20°N/S to 40°N/S), amounting to a factor 21 in the Western Pacific. 
These changes are likely driven by the increase in SSTs in the 
future-climate GCMs, supporting the poleward extension of intense 
TCs. However, we also note that TCs in these regions, particularly 

near 40°N/S, may be prone to extratropical transition, and since this 
process is not included in STORM, the intensities of TCs in these 
areas may be poorly represented. Furthermore, we point out that in 
these regions, the probabilities of a category 3 TC are generally lower, 
and consequently, a very minor increase in probabilities will result 
in a large factor change, in contrast to areas that experience such 
category 3 TCs more frequently. Other TC-prone regions showing 
a more than 5- to 10-fold increase in the probability of a category 3 
strike include Japan, Hong Kong, the Comoros (near Mozambique), 
and the South Pacific region between 20°S and 30°S. In these areas, 
the increase in probability is similar across the GCMs (fig. S12). On 
the other hand, there is a decrease in probability in the Bay of 
Bengal (Fig. 4); this follows from the shift in genesis locations as 
discussed above. Similarly, results show little change for the Gulf of 
Mexico and Caribbean, which is also discussed above.

Fig. 4. Ensemble median of the factor change in RP between the STORM-B and the STORM-C datasets for fixed 10-min 10-m wind speeds. TThe STORM-B and 
STORM-C datasets correspond to the average climate conditions of 1980-2017 and 2015-2050, respectively. The subpanels show the factor change in RP for wind speeds 
equivalent to a category 1 (29 m/s) (A) and category 3 (43.4 m/s) (B) TC. Gray colors indicate regions with no change.
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Changes in exposed population
Next, we assess changes in exposed population. We find the largest 
relative increase in population exposed to category 1 RPs below 
100 years in Cambodia, with a relative increase of 12,550% compared 
to the baseline (Table 1). This change is driven by a shift in exposed 
areas; in the baseline climate, mostly smaller villages along the 
Cambodian coastline are affected with RPs of category 1 wind 
speeds below 100 year (total population of around 40,000), whereas 
under climate change, a much larger area, including the capital city 
of Phnom Penh (total population exceeding 1 million), is exposed. 
Note that we deliberately keep the population constant over time, 
allowing us to solely assess the impact of climate change on exposed 
populations (see Materials and Methods). Australia faces the largest 
relative increase in exposed population to category 3 RPs below 
500 years, amounting to 9375% (Table 2). Moreover, five of the top 
10 countries are located in the South Pacific, the other four countries 
being Papua New Guinea, New Caledonia, the Solomon Islands, and 
Tonga. Note that these four countries are all small island developing 
states, which are typically characterized by high vulnerability to 
climate impacts, scarce financial resources, and small economies to 
scale to overcome such impacts (35). Eighteen of the 21 countries listed 
in Tables 1 and 2 that are facing an increase (relative and/or absolute) 
in exposed population are considered developing countries (36).

Coastal regions at risk
To get a basin-wide view of changes in population, we weighted the 
RP curves by population (combining the information from Fig. 3 
and Tables 1 and 2), hereby deriving the average maximum wind 
speed experienced by a person living near the coast in that basin per 
RP (Fig. 5). In the Western and Eastern Pacific basins, the future-climate 
RP curve is visibly higher than the baseline climate curve, indicating 
that chances of an individual experiencing a stronger TC increase 
under climate change in all STORM-C datasets. In the other basins, 
the baseline climate RP curve overlaps with the future-climate range, 
indicating that climate change will not lead to substantial changes.

DISCUSSION
We have presented a statistical method for a globally consistent local-
scale assessment of changes in future TC risk, both in space and in 
time. Our methodology combines the benefits of high-resolution 

GCMs with synthetic TC modeling, overcoming sampling and 
resolution issues that have limited previous global-scale studies. The 
resulting open-access synthetic track and wind speed probability 
maps allow future (2015–2050) local-scale changes in TC frequency 
and intensity to be more clearly discerned, quantified, and assessed. 
This allows us to identify hot spot regions facing the largest changes 
in the probability of being hit by a TC. Our results indicate that the 
Hong Kong region and the South Pacific are prone to the largest 
increase in probability for a category 3 TC event. At the same time, 
there is little change in probabilities in the Gulf of Mexico and a 
decrease in probabilities for the Bay of Bengal. By combining the RP 
data with population data, we showed that primarily developing 
countries, such as Cambodia and Yemen, are prone to large increases 
in populations exposed to category 1 and category 3 TCs, respectively. 
To isolate the climate signal, our results were derived by keeping the 
population data constant. However, population growth and migra-
tion toward TC-prone areas are expected to further increase future 
population exposure (37, 38).

This research represents an important step forward in global TC 
wind risk assessments by providing new insights into future changes 
in frequency and intensity of TC events at the local scale. Our 
open-access datasets can serve as forward-looking hazard maps in 
catastrophe models used by, for instance, academia, global stake-
holders, consultancy, and the (re)insurance industry. Furthermore, 
this research can contribute to improved quantification of other 
TC-induced hazards than wind, such as wind-driven waves, storm 
surge, and precipitation. The procedure presented here is easily 
applicable to other GCMs, other forcing scenarios, and other time 
periods and is specifically designed to support consistent comparison 
across such scenarios and time periods.

MATERIALS AND METHODS
In this study, we present a statistical method to construct a synthet-
ic TC dataset representative of future-climate conditions. In gener-
al, such a dataset can be created in two ways: (i) Extract future-climate 
TC statistics for each GCM of the multimodel ensemble and run 
each set through STORM, or (ii) calculate the difference (i.e., 
delta) between these present- and future-climate TC statistics and 
add this delta to a baseline dataset (e.g., observed TC statistics). 
While the first approach is directly applicable to GCM simulation 

Table 1. Top 10 countries experiencing the largest relative and absolute change in people exposed to category 1 wind speed RPs below 100 years.  

Country Relative change (%) Country Absolute change (M)

1 Cambodia 12,550 China 153.0

2 Laos 1,514 Vietnam 36.7

3 Mozambique 466 Bangladesh −23.5

4 Iran 373 United States 18.8

5 Papua New Guinea 237 India −16.3

6 Palau 116 Somalia −16.3

7 Vietnam 42 Mexico 7.5

8 Yemen 39 Mozambique 6.5

9 Honduras −26 Philippines 6.4

10 Myanmar −26 Cambodia 5.6
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output and therefore does not require the design of additional 
methodological steps, this approach does not resolve first-order 
biases of GCMs (such as an underestimation in TC intensity or 
genesis frequency); rather, it propagates these biases into the syn-
thetic data. Thus, any misrepresentation of TC characteristics in the 
GCM will be statistically resampled in STORM and can potentially 
have a substantial effect on the outcomes. On the other hand, the 
second approach eliminates the effects of the first-order model 
bias, making it computationally more efficient because the same 
baseline dataset is used for all GCMs. We do note that in the con-
struction of the delta approach, we assume that the magnitude of 
such first-order model biases remain unchanged under future 
warming. It is currently unclear whether and how such biases 
might alter under climate change; the current best practice is there-
fore to assume that these biases are constant in time. This implies 
that we apply the same bias correction to the present- and future-
climate GCM datasets. However, when taking the differences between 
the present- and future-climate GCM datasets, we end up with the 
same statistics as if we had not bias corrected both datasets. For this 
reason and under the assumption that the biases do not alter under cli-
mate change, we do not apply a bias correction on the GCM datasets. 
In this section, we first demonstrate why using GCMs in STORM 
directly results in a poor TC representation; next, we present and 
validate the so-called delta approach.

STORM and GCMs
The STORM model takes information on TC track, characteristics, 
and environmental variables as input variables and statistically 
resamples these to an equivalent of 10,000 years of TC activity 
under the same climate conditions. In (19), the 1980–2017 (38-year) 
period of the International Best Track Archive for Climate Stewardship 
(IBTrACS) (24) was used as input to construct a baseline climate 
synthetic TC dataset (STORM-B) based on observed TC statistics. 
TC wind speeds were first converted to 10-min 10-m average 
maximum sustained wind speeds (meters per second), and all data 
were linearly interpolated to three-hourly values. The STORM 
model only considers TCs that form within a TC basin domain and 
in a TC season [see Table 1 in (19)]. In the current study, we used 

these observed TC statistics derived from the IBTrACS dataset (24) 
as the baseline dataset, on which we applied the delta approach.

To determine whether a GCM is suitable for application in our 
delta approach, we set two conditions. First, the GCM should have 
both a baseline and a (near-) future model run, of which the base-
line (largely) overlaps the 1980–2017 period that was used for the 
STORM-B dataset. Second, the GCMs need to adequately capture 
TC activity, so that statistics can be drawn from the data. In this research, 
we use a high-resolution coupled ocean-atmosphere GCMs that are 
part of the PRIMAVERA High Resolution Model Intercompari-
son Project (HighResMIP) multimodel ensemble (13, 39), which, in 
turn, is part of the Coupled Model Intercomparison Project Phase 6 
(CMIP6) (40). The GCMs in HighResMIP were solely run using the 
high-emission SSP585 scenario (41, 42) over the time period 2015–2050; 
other forcing scenarios and/or time periods are not considered in 
this HighResMIP protocol. When considering the average climate 
conditions over 2015–2050 as is done in this study, there is little de-
viation between the SSP585 scenario and lower-forcing scenarios [the 
largest deviations start to show after 2050; see also Table SPM.1 in 
the 2021 Intergovernmental Panel on Climate Change (IPCC) report 
(43)]. We therefore solely use these SSP585 runs for the 2015–2050 
period, but we point out that our model setup also allows for other 
GCMs run with different forcing scenarios and/or time periods.

Of the six coupled ocean-atmosphere GCM runs in HighResMIP, 
two GCMs are unsuitable for our approach, as these GCMs either 
lack a future-climate run (ECMWF-IFS) (44) or poorly represent 
TC activity (MPI-ESM1-2) (45). We also point out that Roberts et al. 
(10) used two different TC tracking algorithms to identify the TCs, 
namely, TRACK (46) and TempestExtremes (47). Both algorithms 
were found to produce similar changes in TC activity under future 
warming (10). Therefore, we do not expect to obtain substantially 
different results when using both tracking datasets as input here. 
TRACK, however, was shown to give a better event sampling than 
TempestExtremes (10), giving us more data with which to perform 
our analysis. We therefore use the publicly available (48) TC tracks 
and characteristics extracted using the TRACK algorithm here. This 
leaves us with four GCMs, namely, CMCC-CM2-VHR4 (49), CNRM-
CM6-1-HR (50), EC-Earth3P-HR (51), and HadGEM3-GC31-HM 
(52). CMCC-CM2-VHR4 has a spatial resolution of 25 km × 25 km 
in the atmosphere, while the other GCMs have a spatial resolution 
of 50 km × 50 km. We direct readers to Roberts et al. (10) for further 
information on these GCMs. For every GCM, we use the TC 
data from the periods 1979–2014 (henceforth “present climate”) and 
2015–2050 (henceforth “future climate”). These time periods were 
chosen to (i) ensure a maximum overlap with the IBTrACS dataset 
and (ii) have an equal temporal length of both the present and 
future periods.

The GCMs have a 6-hour temporal resolution, which we linearly 
interpolate to three-hourly values. Following Bloemendaal et al. 
(19), we only use TCs that form within the TC basins and within 
the TC season. However, unlike the procedure explained in 
Bloemendaal et al. (19), we do not apply a wind speed threshold of 
18 m/s to extract TCs of at least tropical storm force intensity (26). 
Instead, we use all TCs that were identified with the TRACK algo-
rithm. We refrain from this wind speed threshold as GCMs generally 
underestimate TC intensity; applying a threshold will therefore 
exclude too many TCs. The TRACK algorithm, however, uses a warm 
core criterion in its detection algorithm. As a warm core is typically 
found in TCs of (at least) tropical storm intensity, we believe that 

Table 2. Top 10 countries experiencing the largest relative and 
absolute change in people exposed to category 3 wind speed RPs 
below 500 years.  

Country Relative 
change (%)

Country Absolute 
change (M)

1 Australia 9375 China 250.0

2 Yemen 2916 Japan 133.0

3 Papua New Guinea 1442 South Korea 59.4

4 South Korea 935 Bangladesh −62.4

5 New Caledonia 292 India −59.3

6 Japan 279 United 
States 9.9

7 China 161 Mexico 7.1

8 Solomon Islands 135 Madagascar 6.9

9 Venezuela 94 Pakistan 5.0

10 Tonga 92 Myanmar −5.0
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the collection of TCs that we use for our analysis meets the input 
criteria that were also applied to IBTrACS in the creation of the 
STORM-B dataset. From each of the four GCMs, we extract 
information on TC genesis frequency (average per year), TC track 
(longitudinal and latitudinal position of the eye), TC intensity 
(minimum pressure in hectopascal), and environmental information 
on SSTs and mean sea level pressure.

To motivate our use of the delta approach, we first demonstrate 
the direct use of the GCMs in STORM. For four GCM-basin com-
binations, we compare present-climate statistics against historical 
data from the IBTrACS dataset (table S3 and fig. S2). In all cases, 
TCs are substantially weaker in the GCMs than in IBTrACS. We 
then generate 1000 years of synthetic data using STORM for both 
the present- and future-climate GCM datasets and observe that the 
poor representation of TC intensity is carried through the STORM 
model. For all GCM-basin combinations and for both the present- 
and future-climate GCM input, the average maximum wind speed 
along the track is below 30 m/s, whereas this value is around 35 m/s 
for historical TCs. In addition, the synthetic datasets do not show a 
(profound) increase in TC intensity under climate change. This 
shows that the poor representation of TC intensity is propagated 
through STORM and that it is unadvisable to use TC data from 
GCM simulations directly as inputs for understanding the impacts 
of climate change.

Designing and applying the delta approach
We first give an overview of the different (generalized) mathematical 
equations that form the body of the delta approach. These equa-
tions are applied to the following GCM TC statistics (see Fig. 6 for 
more information): annual frequency, the corresponding genesis 
months and genesis locations, and changes in track and intensity.

Variables from the present- and future-climate GCM datasets 
are denoted as ( ∙ )Present and ( ∙ )Future,, respectively. The variable 

from the observational TC dataset (IBTrACS; this dataset served as 
input for STORM-B) is denoted as ( ∙ )IBTrACS, and the variables 
resulting from adding the delta to the IBTrACS data are denoted as 
( ∙ )IBTrACS, .
Relative changes
Relative changes are calculated and applied to the historical TC 
statistics from IBTrACS as follows

	​​ (∙ )​ IBTrACS,​​  = ​ (∙ )​ IBTrACS​​ ∙ ​ ​(∙ )​ Future​​ − ​(∙ )​ Present​​  ─────────── ​(∙ )​ Present​​
  ​ + ​(∙ )​ IBTrACS​​​	 (1)

Absolute changes
Absolute changes are calculated and applied to the historical TC 
statistics from IBTrACS as follows

	​​ (∙ )​ IBTrACS,​​ = ​ (∙ )​ IBTrACS​​ + (​(∙ )​ Future​​ − ​(∙ )​ Present​​)​	 (2)

Shifting the normal distribution
The normal distributions from which variables are drawn are shifted 
as follows

	​​ 
N(​μ​ IBTrACS,Δ​​, ​​σ​ IBTrACS,Δ​​​​ 2​ ) = 

​    
​​(​​ ​μ​ IBTrACS​​ + (​μ​ Future​​ − ​μ​ Present​​ ) , ​​σ​ IBTrACS​​​​ 2​ ∙ ​ ​​σ​ Future​​​​ 2​ ─ 

​​σ​ Present​​​​ 2​
 ​​)​​​

​​	 (3)

where  denotes the mean, and 2 denotes the variance.
Next, we describe how the delta approach is applied to the different 

components of STORM (Fig. 6). We highlight the most relevant 
aspects of the approach. The STORM components and equations 
discussed below are described in detail in Bloemendaal et al. (19). 
Rather than repeating the equations and explanations here, we refer 
the readers to this companion paper. We also note here that the 
majority of the approach consists of applying a relative change. This 

Fig. 5. Empirically derived RPs (x axis) of 10-min 10-m average wind speeds (y axis) weighted by population. The graph represents the average wind speed at a 
given return RP experienced by an individual living in that basin and exposed to such wind speed probabilities.
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is done because we want to create a future-climate dataset that is 
relative to the baseline (IBTrACS) dataset.
TC genesis
We model the change in genesis frequency  (average per year) as a 
relative change, following Eq. 1. To ensure that the number of 
genesis occurrences aggregated over all months equals the genesis 
frequency, the shift in genesis frequency per genesis month  (average 
per month) is modeled relative to the total genesis occurrences. 
Hence, for every month, we calculate the change in genesis frequency 
relative to IBTrACS (IBTrACS, ) as follows

	
​​​ψ​ IBTrACS,Δ​​  = ​ ψ​ IBTrACS​​ ∙ ​ 

# ​TCs​ Future(month)​​ − # ​TCs​ Present(month)​​   ─────────────────────  # ​TCs​ Present(total)​​
 ​ ​   

+ ​ψ​ IBTrACS​​
 ​​	  (4)

TC movement
We model the change in genesis locations by first aggregating the 
number of genesis occurrences in 5° × 5° boxes and then calculating 
the changes in genesis counts per box. Next, we apply the relative 

change following Eq. 1. If there are no genesis counts in the present-
climate GCM dataset, we calculate and add the absolute change 
following Eq. 2 instead. In our analysis, these instances occurred 
mostly poleward of 35°N/S.

Consecutively, the TC track is simulated following the set of 
regression formulas from James and Mason (53) [see Bloemendaal 
et  al. (19)]. The coefficients in the set of equations are derived 
directly from the observed TC statistics in IBTrACS. We extract the 
change in the first-step changes (i.e., the first change after genesis) 
in longitude and latitude, 0 and ∆φ0, and the longitudinal and 
latitudinal residual terms,  and φ, from the GCMs. The change in 
these variables is then applied to the ones derived from IBTrACS 
using Eq. 3.
TC characteristics
TC intensification and weakening are modeled following the set of 
Eq. 5 in Bloemendaal et al. (19). The coefficients in these equations 
are derived directly from the observed TC statistics. The first-step 
change in pressure, ∆P0, and the pressure residual term, P, are 
extracted from the GCMs. The change in these variables is then 
applied to the ones derived from IBTrACS following Eq. 3.

Fig. 6. Overview of the propagation of the delta into the STORM model. 
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The MPI (in hPa) serves as an environmental constraint to the 
maximum TC intensity at a location and is dependent on the SST at 
that location. To calculate changes in MPI, we derive the MPI for 
the GCMs using the SST fields from these GCMs in combination 
with the coefficients derived from the IBTrACS dataset. Next, we 
derive the relative changes in MPI per 5° × 5° box and apply this 
relative change to those in the IBTrACS dataset.

We do not extract information on maximum TC wind speeds 
from the GCMs because of their biases. Instead, we apply the 
wind-pressure relationship from Harper (54) using the correspond-
ing coefficients that were derived from the observational TC statistics. 
We do not consider any changes in the radius to maximum winds 
(Rmax), because it is not possible to derive an accurate Rmax value 
from the GCMs due to the Rmax values being constrained by the 
25-km grid resolution of the GCM.

Our delta approach implicitly captures future TC behavior that 
has been a topic of discussion in recent literature, such as a poleward 
shift of TC tracks (31, 32, 55, 56) or a change in TC translational 
speed (57). A potential poleward extension of TC tracks may follow 
from the shift in genesis locations in combination with a shift in the 
first-step changes in longitude and latitude, and the longitudinal 
and latitudinal residual terms. These latter terms add small pertur-
bations to the track, implying that they can govern a slowdown of 
the translational speed, an altering in the heading of the TC, or a 
more poleward movement compared to the baseline climate condi-
tions. Second, the MPI (as was previously discussed) provides an 
indication of regions supportive of TC development. With increasing 
SSTs under climate change (43), we observe a poleward shift of such 
supportive regions, resulting in a similar poleward shift of the TC 
tracks and locations of maximum intensity in the future-climate 
datasets. In the STORM-C datasets, this effect is predominantly 
visible in the Western Pacific and the North Atlantic (see fig. S1), in 
line with other literature (31, 32).

Last, we perform a perfect model run to validate the delta 
approach. In a perfect model run, we assume that the model itself is 
“perfect,” i.e., we do not focus on intrinsic model errors but rather 
assess the influence of the input dataset on the outcomes. Hence, by 
setting up this perfect model run, we can test whether the delta 
approach does not lead to anomalies in the output dataset. For the 
same four GCM-basin combinations used previously, we generate 
1000 years of synthetic tracks in two setups: (i) using the present-
climate GCM dataset as baseline and adding the delta, and (ii) 
directly using the future-climate GCM dataset. When comparing 
the two approaches, table S4 and fig. S3 show that the mean and SDs 
across all TC variables considered here are almost identical to one 
another. The TC intensity, measured through the average maximum 
wind speed along the track, has a maximum deviation of 0.1 m/s for 
the four GCM-basin combinations. This result implies that the 
delta approach does not create any anomalies and can be used to 
generate synthetic TCs for future-climate conditions. Note that the 
delta approach does not overcome intrinsic model biases in the 
input dataset: It follows from the intensity statistics in table S4 and 
fig. S3 that the low TC intensity present in the GCMs is still propa-
gated through STORM.

To quantify the individual influence of the input variables (that 
are part of the delta approach) on TC intensity, we conduct a sensi-
tivity analysis for one GCM (HadGEM3-GC31-HM) in the Western 
Pacific. Table S5 and fig. S4 show that the largest influence is 
seen for the MPI. As this variable serves as an upper bound of TC 

intensity, it strongly influences the maximum intensity a TC can 
reach in its lifetime. Figure S4 shows that keeping the MPI constant in 
a future-climate STORM run strongly decreases the frequency of the 
most intense (category 5) TCs, reducing them to approximately 1% of 
all TCs compared to approximately 10% in the STORM-C dataset.

Calculating RPs
To calculate the wind speed RPs for each of the STORM-C datasets, 
we follow the same approach as in Bloemendaal et al. (23). To 
calculate RPs at a 10-km resolution, we apply the 2D parametric 
wind field model of Holland (25), which has been further refined by 
Lin and Chavas (58), to the future-climate synthetic TC tracks. At 
each cell of the 10-km grid, we store the maximum wind speed of 
each TC whenever this wind speed exceeds 18 m/s. Next, the RPs up 
to 1000 years are calculated empirically using the Weibull plotting 
formula (23, 59)

	​​ P​ exc​​(​ → v ​ ) = ​  i ─ n + 1 ​ ∙ ​ n ─ m ​​	 (5a)

	​ T(​ → v ​ ) = 1 / ​P​ exc​​(​ → v ​)​	 (5b)

In this equation, ​​P​ exc​​(​ → v ​)​ is the exceedance probability for a given 
wind speed ​​ → v ​​, and i is the rank of the respective wind speed, where 
i = 1 is attributed to the highest wind speed. n is the length of the set 
of events, and m is the total number of years (here, m = 10,000). The 
RP ​T(​ → v ​)​ is then calculated as the reciprocal of ​​P​ exc​​(​ → v ​)​. It follows 
from the set of Equations 5a and 5b that if n is large (n > 100), 
then ​​  n _ n + 1​  ≈  1​, and the value of ​​P​ exc​​(​ → v ​)​ is dominated by the rank i. 
This implies that, for large n, changes in ​​P​ exc​​(​ → v ​)​ for a given event are 
not due to changes in the total frequency of events n but are rather 
driven by changes in the frequency of exceedance of the respective 
event, which is represented by its rank i.

Exposure analysis
We assess the impacts of climate change on exposed population by 
combining the RP maps with global population data (60). The 
population dataset has a 0.125° × 0.125° resolution and is issued for 
the year 2000 (called as the base year) and for five SSP scenarios, 
given at decadal intervals between 2010 and 2100. To distinguish 
between different countries, we overlay the population data with 
country borders from Natural Earth (www.naturalearthdata.com). 
We include countries that are considered to be prone to TCs; these 
countries are generally found between 30°N and 30°S (61). To study 
the sole effect of the future change in TC characteristics on expo-
sure, we aggregate the number of people exposed to category 1 RPs 
below 100 years and category 3 RPs below 500 years per country. 
We kept the population data constant at the base year to solely 
assess the effects of a change in TC wind speed hazard.

Last, we study the maximum wind speed weighted by population 
per basin. This variable represents the average maximum wind speed 
at a given RP experienced by an individual living in that basin. To 
ensure that we are only considering individuals who can potentially 
face such wind speeds, we include all individuals who are exposed to 
such wind speeds at an RP level below 1000 years. This way, societies 
living far inland and not prone to TCs are not included, thereby not 
skewing the results. We again keep the population data constant at 
the base year so that emerging differences can solely be attributed to 
changes in TC wind speeds.

D
ow

nloaded from
 https://w

w
w

.science.org on M
ay 24, 2024

http://www.naturalearthdata.com


Bloemendaal et al., Sci. Adv. 8, eabm8438 (2022)     27 April 2022

S C I E N C E  A D V A N C E S  |  R E S E A R C H  A R T I C L E

12 of 13

SUPPLEMENTARY MATERIALS
Supplementary material for this article is available at https://science.org/doi/10.1126/
sciadv.abm8438

REFERENCES AND NOTES
	 1.	 NOAA National Centers for Environmental Information, U.S. Billion-Dollar Weather and 

Climate Disasters (2021); https://www.ncdc.noaa.gov/billions/.
	 2.	 T. Knutson, S. J. Camargo, J. C. Chan, K. Emanuel, C.-H. Ho, J. Kossin, M. Mohapatra, 

M. Satoh, M. Sugi, K. Walsh, Tropical cyclones and climate change assessment: Part II: 
Projected response to anthropogenic warming. Bull. Am. Meteorol. Soc. 101, E303–E322 
(2020).

	 3.	 C. M. Patricola, M. F. Wehner, Anthropogenic influences on major tropical cyclone events. 
Nature 563, 339–346 (2018).

	 4.	 N. Lin, K. Emanuel, M. Oppenheimer, E. Vanmarcke, Physically based assessment 
of hurricane surge threat under climate change. Nat. Clim. Chang. 2, 462–467 (2012).

	 5.	 K. Emanuel, Response of global tropical cyclone activity to increasing CO2: Results 
from downscaling CMIP6 models. J. Climate 34, 57–70 (2021).

	 6.	 A. B. Martinez, Forecast accuracy matters for hurricane damage. Econometrics 8, 18 
(2020).

	 7.	 A. Gettelman, D. N. Bresch, C. C. Chen, J. E. Truesdale, J. T. Bacmeister, Projections of 
future tropical cyclone damage with a high-resolution global climate model. Clim. Change 
146, 575–585 (2018).

	 8.	 R. A. Pielke Jr., J. Gratz, C. W. Landsea, D. Collins, M. A. Saunders, R. Musulin, Normalized 
hurricane damage in the United States: 1900-2005. Nat. Hazards Rev. 9, 29–42 (2008).

	 9.	 J. Weinkle, C. Landsea, D. Collins, R. Musulin, R. P. Crompton, P. J. Klotzbach, R. Pielke Jr., 
Normalized hurricane damage in the continental United States 1900–2017. Nat. Sustain. 
1, 808–813 (2018).

	 10.	 M. J. Roberts, J. Camp, J. Seddon, P. L. Vidale, K. Hodges, B. Vannière, J. Mecking, 
R. Haarsma, A. Bellucci, E. Scoccimarro, L.-P. Caron, F. Chauvin, L. Terray, S. Valcke, 
M.-P. Moine, D. Putrasahan, C. D. Roberts, R. Senan, C. Zarzycki, P. Ullrich, Y. Yamada, 
R. Mizuta, C. Kodama, D. Fu, Q. Zhang, G. Danabasoglu, N. Rosenbloom, H. Wang, L. Wu, 
Projected future changes in tropical cyclones using the CMIP6 HighResMIP multimodel 
ensemble. Geophys. Res. Lett. 47, e2020GL088662 (2020).

	 11.	 T. Fiedler, A. J. Pitman, K. Mackenzie, N. Wood, C. Jakob, S. E. Perkins-Kirkpatrick, Business 
risk and the emergence of climate analytics. Nat. Clim. Chang. 11, 87–94 (2021).

	 12.	 H. Murakami, M. Sugi, Effect of model resolution on tropical cyclone climate projections. 
SOLA 6, 73–76 (2010).

	 13.	 R. J. Haarsma, M. Roberts, P. L. Vidale, C. A. Senior, A. Bellucci, Q. Bao, P. Chang, S. Corti, 
N. S. Fučkar, V. Guemas, J. von Hardenberg, W. Hazeleger, C. Kodama, T. Koenigk, 
L. R. Leung, J. Lu, J. J. Luo, J. Mao, M. S. Mizielinski, R. Mizuta, P. Nobre, M. Satoh, 
E. Scoccimarro, T. Semmler, J. Small, J. S. von Storch, High resolution model 
intercomparison project (HighResMIP) for CMIP6. Geosci. Model Dev. 2016, 1–35 (2016).

	 14.	 C. A. Davis, Resolving tropical cyclone intensity in models. Geophys. Res. Lett. 45, 
2082–2087 (2018).

	 15.	 J. Chen, Z. Wang, C.-Y. Tam, N.-C. Lau, D.-S. D. Lau, H.-Y. Mok, Impacts of climate change 
on tropical cyclones and induced storm surges in the Pearl River Delta region using 
pseudo-global-warming method. Sci. Rep. 10, 1965–1965 (2020).

	 16.	 E. D. Gutmann, R. M. Rasmussen, C. Liu, K. Ikeda, C. L. Bruyere, J. M. Done, L. Garrè, 
P. Friis-Hansen, V. Veldore, Changes in hurricanes from a 13-yr convection-permitting 
pseudo–global warming simulation. J. Climate 31, 3643–3657 (2018).

	 17.	 P. Jyoteeshkumar Reddy, D. Sriram, S. S. Gunthe, C. Balaji, Impact of climate change 
on intense Bay of Bengal tropical cyclones of the post-monsoon season: A pseudo global 
warming approach. Climate Dynam. 56, 2855–2879 (2021).

	 18.	 C.-Y. Lee, S. J. Camargo, A. H. Sobel, M. K. Tippett, Statistical-dynamical downscaling 
projections of tropical cyclone activity in a warming climate: Two diverging genesis 
scenarios. J. Climate 33, 4815–4834 (2020).

	 19.	 N. Bloemendaal, I. D. Haigh, H. de Moel, S. Muis, R. J. Haarsma, J. C. J. H. Aerts, Generation 
of a global synthetic tropical cyclone hazard dataset using STORM. Sci. Data 7, 40 (2020).

	 20.	 C.-Y. Lee, M. K. Tippett, A. H. Sobel, S. J. Camargo, An environmentally forced tropical 
cyclone hazard model. J. Adv. Model. Earth Syst. 10, 223–241 (2018).

	 21.	 K. Emanuel, S. Ravela, E. Vivant, C. Risi, A statistical deterministic approach to hurricane 
risk assessment. Bull. Am. Meteorol. Soc. 87, 299–314 (2006).

	 22.	 I. D. Haigh, L. R. MacPherson, M. S. Mason, E. M. S. Wijeratne, C. B. Pattiaratchi, 
R. P. Crompton, S. George, Estimating present day extreme water level exceedance 
probabilities around the coastline of Australia: Tropical cyclone-induced storm surges. 
Clim. Dyn. 42, 139–157 (2014).

	 23.	 N. Bloemendaal, H. de Moel, S. Muis, I. D. Haigh, J. C. J. H. Aerts, Estimation of global tropical 
cyclone wind speed probabilities using the STORM dataset. Sci. Data 7, 377 (2020).

	 24.	 K. R. Knapp, M. C. Kruk, D. H. Levinson, H. J. Diamond, C. J. Neumann, The international 
best track archive for climate stewardship (IBTrACS): Unifying tropical cyclone data. 
Bull. Am. Meteorol. Soc. 91, 363–376 (2010).

	 25.	 G. J. Holland, An analytic model of the wind and pressure profiles in hurricanes. 
Mon. Weather Rev. 108, 1212–1218 (1980).

	 26.	 R. H. Simpson, H. Saffir, The hurricane disaster—Potential scale. Weatherwise 27, 169–186 
(1974).

	 27.	 K. J. E. Walsh, S. J. Camargo, T. R. Knutson, J. Kossin, T. C. Lee, H. Murakami, C. Patricola, 
Tropical cyclones and climate change. Trop. Cyclone Res. Rev. 8, 240–250 (2019).

	 28.	 K. Bhatia, G. Vecchi, H. Murakami, S. Underwood, J. Kossin, Projected response of tropical 
cyclone intensity and intensification in a global climate model. J. Climate 31, 8281–8303 
(2018).

	 29.	 K. Emanuel, Environmental factors affecting tropical cyclone power dissipation. J. Climate 
20, 5497–5509 (2007).

	 30.	 J. M. Done, M. Ge, G. J. Holland, I. Dima-West, S. Phibbs, G. R. Saville, Y. Wang, Modelling 
global tropical cyclone wind footprints. Nat. Hazards Earth Syst. Sci. 20, 567–580 (2020).

	 31.	 J. P. Kossin, K. A. Emanuel, G. A. Vecchi, The poleward migration of the location of tropical 
cyclone maximum intensity. Nature 509, 349–352 (2014).

	 32.	 J. P. Kossin, K. A. Emanuel, S. J. Camargo, Past and projected changes in Western North 
Pacific tropical cyclone exposure. J. Climate 29, 5725–5739 (2016).

	 33.	 A. Mamalakis, J. T. Randerson, J.-Y. Yu, M. S. Pritchard, G. Magnusdottir, P. Smyth, 
P. A. Levine, S. Yu, E. Foufoula-Georgiou, Zonally contrasting shifts of the tropical rain belt 
in response to climate change. Nat. Clim. Chang. 11, 143–151 (2021).

	 34.	 C. Bruyère, R. Rasmussen, E. Gutmann, J. Done, M. Tye, A. Jaye, A. Prein, P. Mooney, M. Ge, 
S. Fredrick, Impact of climate change on Gulf of Mexico hurricanes. NCAR Tech Note. 
NCAR/TN535 (2017).

	 35.	 United Nations, About Small Island Developing States (2021); www.un.org/ohrlls/content/
about-small-island-developing-states.

	 36.	 United Nations, World Economic Situation and Prospects (2020).
	 37.	 B. Tellman, J. A. Sullivan, C. Kuhn, A. J. Kettner, C. S. Doyle, G. R. Brakenridge, 

T. A. Erickson, D. A. Slayback, Satellite imaging reveals increased proportion 
of population exposed to floods. Nature 596, 80–86 (2021).

	 38.	 B. Neumann, A. T. Vafeidis, J. Zimmermann, R. J. Nicholls, Future coastal population growth 
and exposure to sea-level rise and coastal flooding–A global assessment. PLOS ONE 10, 
e0118571 (2015).

	 39.	 M. J. Roberts, J. Camp, J. Seddon, P. L. Vidale, K. Hodges, B. Vanniere, J. Mecking, 
R. Haarsma, A. Bellucci, E. Scoccimarro, L.-P. Caron, F. Chauvin, L. Terray, S. Valcke, 
M.-P. Moine, D. Putrasahan, C. Roberts, R. Senan, C. Zarzycki, P. Ullrich, Impact of model 
resolution on tropical cyclone simulation using the HighResMIP-PRIMAVERA multimodel 
ensemble. J. Climate 33, 2557–2583 (2020).

	 40.	 V. Eyring, S. Bony, G. A. Meehl, C. A. Senior, B. Stevens, R. J. Stouffer, K. E. Taylor, Overview 
of the Coupled Model Intercomparison Project Phase 6 (CMIP6) experimental design 
and organization. Geosci. Model Dev. 9, 1937–1958 (2016).

	 41.	 B. C. O'Neill, C. Tebaldi, D. P. van Vuuren, V. Eyring, P. Friedlingstein, G. Hurtt, R. Knutti, 
E. Kriegler, J. F. Lamarque, J. Lowe, G. A. Meehl, R. Moss, K. Riahi, B. M. Sanderson, The 
Scenario Model Intercomparison Project (ScenarioMIP) for CMIP6. Geosci. Model Dev. 9, 
3461–3482 (2016).

	 42.	 D. P. van Vuuren, J. Edmonds, M. Kainuma, K. Riahi, A. Thomson, K. Hibbard, G. C. Hurtt, 
T. Kram, V. Krey, J.-F. Lamarque, T. Masui, M. Meinshausen, N. Nakicenovic, S. J. Smith, 
S. K. Rose, The representative concentration pathways: An overview. Clim. Change 109, 
5–31 (2011).

	 43.	 IPCC, Climate Change 2021: The Physical Science Basis. Contribution of Working Group I 
to the Sixth Assessment Report of the Intergovernmental Panel on Climate Change (2021).

	 44.	 C. D. Roberts, R. Senan, F. Molteni, S. Boussetta, M. Mayer, S. P. Keeley, Climate model 
configurations of the ECMWF Integrated Forecasting System (ECMWF-IFS cycle 43r1) 
for HighResMIP. Geosci. Model Dev. 11, 3681–3712 (2018).

	 45.	 O. Gutjahr, D. Putrasahan, K. Lohmann, J. H. Jungclaus, J.-S. von Storch, N. Brüggemann, 
H. Haak, A. Stössel, Max Planck Institute Earth System Model (MPI-ESM1.2) for the High-
Resolution Model Intercomparison Project (HighResMIP). Geosci. Model Dev. 12, 
3241–3281 (2019).

	 46.	 K. Hodges, A. Cobb, P. L. Vidale, How well are tropical cyclones represented in reanalysis 
datasets? J. Climate 30, 5243–5264 (2017).

	 47.	 P. A. Ullrich, C. M. Zarzycki, TempestExtremes: A framework for scale-insensitive pointwise 
feature tracking on unstructured grids. Geosci. Model Dev. 10, 1069–1090 (2017).

	 48.	 M. J. Roberts, CMIP6 HighResMIP: Tropical storm tracks as calculated by the TRACK algorithm 
(2019); https://catalogue.ceda.ac.uk/uuid/0b42715a7a804290afa9b7e31f5d7753.

	 49.	 E. Scoccimarro, A. Bellucci, D. Peano, CMCC CMCC-CM2-VHR4 model output prepared for 
CMIP6 HighResMIP (2017); 10.22033/ESGF/CMIP6.1367.

	 50.	 A. Voldoire, CNRM-CERFACS CNRM-CM6–1-HR model output prepared for CMIP6 
HighResMIP (2019); 10.22033/ESGF/CMIP6.1387.

	 51.	 EC-Earth Consortium, EC-Earth-Consortium EC-Earth3P-HR model output prepared for 
CMIP6 HighResMIP (2018); 10.22033/ESGF/CMIP6.2323.

	 52.	 M. Roberts, MOHC HadGEM3-GC31-HM model output prepared for CMIP6 HighResMIP 
(2017); 10.22033/ESGF/CMIP6.446.

D
ow

nloaded from
 https://w

w
w

.science.org on M
ay 24, 2024

https://science.org/doi/10.1126/sciadv.abm8438
https://science.org/doi/10.1126/sciadv.abm8438
https://www.ncdc.noaa.gov/billions/
https://www.un.org/ohrlls/content/about-small-island-developing-states
https://www.un.org/ohrlls/content/about-small-island-developing-states
https://catalogue.ceda.ac.uk/uuid/0b42715a7a804290afa9b7e31f5d7753
http://dx.doi.org/10.22033/ESGF/CMIP6.1367
http://dx.doi.org/10.22033/ESGF/CMIP6.1387
http://dx.doi.org/10.22033/ESGF/CMIP6.2323
http://dx.doi.org/10.22033/ESGF/CMIP6.446


Bloemendaal et al., Sci. Adv. 8, eabm8438 (2022)     27 April 2022

S C I E N C E  A D V A N C E S  |  R E S E A R C H  A R T I C L E

13 of 13

	 53.	 M. K. James, L. B. Mason, Synthetic tropical cyclone database. J. Waterw. Port. C Div. 131, 
181–192 (2005).

	 54.	 B. Harper, Tropical Cyclone Parameter Estimation in the Australian Region: Wind-Pressure 
Relationships and Related Issues for Engineering Planning and Design–A Discussion Paper 
(2002).

	 55.	 J. Altman, O. N. Ukhvatkina, A. M. Omelko, M. Macek, T. Plener, V. Pejcha, T. Cerny, 
P. Petrik, M. Srutek, J.-S. Song, A. A. Zhmerenetsky, A. S. Vozmishcheva, P. V. Krestov, 
T. Y. Petrenko, K. Treydte, J. Dolezal, Poleward migration of the destructive effects 
of tropical cyclones during the 20th century. Proc. Natl. Acad. Sci. U.S.A. 115, 11543–11548 
(2018).

	 56.	 S. Sharmila, K. J. E. Walsh, Recent poleward shift of tropical cyclone formation linked 
to Hadley cell expansion. Nat. Clim. Chang. 8, 730–736 (2018).

	 57.	 J. P. Kossin, A global slowdown of tropical-cyclone translation speed. Nature 558, 
104–107 (2018).

	 58.	 N. Lin, D. Chavas, On hurricane parametric wind and applications in storm surge 
modeling. J. Geophys. Res. Atmos. 117, D09120 (2012).

	 59.	 L. Makkonen, Plotting positions in extreme value analysis. J. Appl. Meteorol. Climatol. 45, 
334–340 (2006).

	 60.	 B. Jones, B. C. O’Neill, Global One-Eighth Degree Population Base Year and Projection Grids 
Based on the Shared Socioeconomic Pathways, Revision 01 (2020); https://doi.org/10.7927/
m30p-j498.

	 61.	 K. J. E. Walsh, M. Fiorino, C. Landsea, K. L. McInnes, Objectively determined resolution-
dependent threshold criteria for the detection of tropical cyclones in climate models 
and reanalyses. J. Climate 20, 2307–2314 (2007).

	 62.	 N. Bloemendaal, I. D. Haigh, H. De Moel, S. Muis, R. J. Haarsma, J. C. J. H. Aerts, STORM 
IBTrACS present climate synthetic tropical cyclone tracks, 4TU.ResearchData (2019); 
https://doi.org/10.4121/uuid:82c1dc0d-5485-43d8-901a-ce7f26cda35d.

	 63.	 N. Bloemendaal, H. De Moel, S. Muis, I. D. Haigh, J. C. J. H. Aerts, STORM tropical cyclone 
wind speed return periods, 4TU.ResearchData (2020); https://doi.org/10.4121/
uuid:779b9dfd-b0ff-4531-8833-aaa9c0cf6b5a.

	 64.	 N. Bloemendaal, H. De Moel, A. B. Martinez, S. Muis, I. D. Haigh, K. Van der Wiel, 
R. Haarsma, P. J. Ward, M. Roberts, J. C. M. Dullaart, J. C. J. H. Aerts, STORM climate change 
synthetic tropical cyclone tracks, 4TU.ResearchData (2021); https://doi.
org/10.4121/14237678.v1.

	 65.	 N. Bloemendaal, H. De Moel, A. B. Martinez, S. Muis, I. D. Haigh, K. Van der Wiel, 
R. Haarsma, P. J. Ward, M. Roberts, J. C. M. Dullaart, J. C. J. H. Aerts, STORM climate change 
tropical cyclone wind speed return periods, 4TU.ResearchData (2021); https://doi.
org/10.4121/14510817.v1.

	 66.	 N. Bloemendaal, H. De Moel, A. B. Martinez, S. Muis, I. D. Haigh, K. Van der Wiel, 
R. Haarsma, P. J. Ward, M. Roberts, J. C. M. Dullaart, J. C. J. H. Aerts, STORM + STORM future 
climate scripts (2022); https://doi.org/10.5281/zenodo.6337644.

	 67.	 M. Bister, K. A. Emanuel, Low frequency variability of tropical cyclone potential intensity 1. 
Interannual to interdecadal variability. J. Geophys. Res. Atmos. 107, ACL 26-21–ACL 26-15 (2002).

Acknowledgments: We thank A. Couasnon and R. van Westen for the comments and 
suggestions. We also acknowledge SURF Sara (www.surf.nl) for the support in using the Lisa 
and Cartesius Computer Cluster, and the JASMIN Data Analysis Facility for support in retrieving 
the HighResMIP datasets. We also thank 4TU.ResearchData for their support in the storage and 
maintenance of the STORM datasets. Funding: N.B. and J.C.J.H.A. are funded by a Vici grant 
from the Netherlands Organisation for Scientific Research (NWO) (grant number 453-13-006) 
and the ERC Advanced Grant COASTMOVE no. 884442. I.D.H. was funded by NERC Grant 
CompFlood (grant number NE/S003150/1). A.B.M. received funding from Climate 
Econometrics and the Robertson Foundation (grant number 9907422). S.M. received funding 
from the research programme MOSAIC with project number ASDI.2018.036, which is financed 
by the NWO. M.J.R. was funded by the Joint U.K. BEIS/Defra Met Office Hadley Centre Climate 
Programme (grant no. GA01101), and we thank H2020 PRIMAVERA (grant no. 641727) for 
supplying the model datasets. P.J.W. received funding from the NWO Vidi research grant 
016.161.324. This research is part of the IS-ENES3 project that has received funding from the 
European Union’s Horizon 2020 research and innovation funding programme under grant 
agreement no. 824084. The views presented in this paper are solely those of the authors and 
do not necessarily represent those of the Treasury Department or the U.S. government. 
Author contributions: All authors designed the initial analyses ideas. M.J.R. supported in 
retrieval of the GCM datasets used in this study. N.B. and J.C.M.D. carried out the simulation 
runs. N.B., S.M., and I.D.H. drafted the initial version of the manuscript. All authors were actively 
involved in the interpretation of the analysis results and the writing process. Competing 
interests: The authors declare that they have no competing interests. Data and materials 
availability: All data needed to evaluate the conclusions in the paper are present in the paper 
and/or the Supplementary Materials. All STORM datasets presented and discussed in this 
research are publicly available via the 4TU.ResearchData data repository (62–65). The STORM 
model and scripts for the derivation of the RPs are publicly available via Zenodo (https://
zenodo.org/record/6337644#.YijCb-hKhPY) (66) and GitHub (https://github.com/NBloemendaal).

Submitted 15 October 2021
Accepted 9 March 2022
Published 27 April 2022
10.1126/sciadv.abm8438

D
ow

nloaded from
 https://w

w
w

.science.org on M
ay 24, 2024

http://dx.doi.org/10.7927/m30p-j498
http://dx.doi.org/10.7927/m30p-j498
http://dx.doi.org/10.4121/uuid:82c1dc0d-5485-43d8-901a-ce7f26cda35d
http://dx.doi.org/10.4121/uuid:779b9dfd-b0ff-4531-8833-aaa9c0cf6b5a
http://dx.doi.org/10.4121/uuid:779b9dfd-b0ff-4531-8833-aaa9c0cf6b5a
http://dx.doi.org/10.4121/14237678.v1
http://dx.doi.org/10.4121/14237678.v1
http://dx.doi.org/10.4121/14510817.v1
http://dx.doi.org/10.4121/14510817.v1
http://dx.doi.org/10.5281/zenodo.6337644
https://zenodo.org/record/6337644#.YijCb-hKhPY
https://zenodo.org/record/6337644#.YijCb-hKhPY
https://github.com/NBloemendaal

