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Accounting for tropical cyclones more than doubles
the global population exposed to low-probability
coastal flooding
Job C. M. Dullaart 1✉, Sanne Muis 1,2, Nadia Bloemendaal 1, Maria V. Chertova3, Anaïs Couasnon1 &

Jeroen C. J. H. Aerts 1,2

Storm surges that occur along low-lying, densely populated coastlines can leave devastating

societal, economical, and ecological impacts. To protect coastal communities from flooding,

return periods of storm tides, defined as the combination of the surge and tide, must be

accurately evaluated. Here we present storm tide return periods using a novel integration of

two modelling techniques. For surges induced by extratropical cyclones, we use a 38-year

time series based on the ERA5 climate reanalysis. For surges induced by tropical cyclones, we

use synthetic tropical cyclones from the STORM dataset representing 10,000 years under

current climate conditions. Tropical and extratropical cyclone surge levels are probabilistically

combined with tidal levels, and return periods are computed empirically. We estimate that 78

million people are exposed to a 1 in 1000-year flood caused by extratropical cyclones, which

more than doubles to 192M people when taking tropical cyclones into account. Our results

show that previous studies have underestimated the global exposure to low-probability

coastal flooding by 31%.
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Driven by strong winds and low pressures in tropical
cyclones (TCs) and extratropical cyclones (ETCs), storm
surges may threaten coastal areas, especially when they

coincide with high tides1. Globally, approximately 100 million
people live in areas below the current high tide lines2. As a
consequence, a substantial portion of the socio-economic activity
and critical infrastructure is exposed to coastal flooding3,4.
Examples of recent high-impact storm surge events with their
maximum surge level and overall losses include TCs Dorian
(Bahamas; 7.0 m; $5.1B)5 and Michael (United States; 4.3 m;
$25.0B)6 and ETCs Xaver (northern Europe; 3.5 m; $1.4B)7 and
Ophelia (Ireland; 1.7 m; $1.0B)8. TCs generally form over warm
tropical waters and affect regions such as Southeast Asia, the
Caribbean, and North Australia9, while ETCs dominate in the
mid-latitudes and affect regions such as South America, Europe,
and South Australia. In addition, there are regions that experience
both storm systems, including the west and east coasts of Aus-
tralia (±30°S)10,11, eastern China (±35°N)12, and the east coast of
the United States (±40°N)13,14.

Return periods of storm tides (RPs), defined as the combina-
tion of storm surge and tide, can provide highly valuable input to
flood hazard and flood risk assessments15,16. RPs are often used
as design standards for the construction of coastal levees and
other flood protection measures17. On continental to global
scales, studies have used RPs to model coastal flooding18–20 and
societal risks under future scenarios of sea-level rise and socio-
economic development21–25.

All global-scale studies on storm tide RPs have inaccuracies in
TC-prone regions18,19,26,27. The cause of this inaccuracy is two-
fold: (1) TCs are poorly resolved due to the coarse spatial and
temporal resolution of meteorological forcing data, causing an
underestimation in TC intensity and, consequently, storm surge
level; and (2) in combination with the low-probability of TCs28,
the limited record length of the meteorological forcing data
(typically 40 years)—with ±90 TCs forming per year and only 16
of these making landfall29—means the number of TCs is too
small to robustly estimate RPs. In addition, TCs affect a relatively
small stretch of coastline30, which reduces the number of recor-
ded TC-induced storm surges. Recent advances in climate mod-
eling, such as the newly developed ERA5 climate reanalysis
dataset, have improved the modeling of TC storm surges31.
However, ERA5’s record length of several decades is too short for
a robust estimation of high RPs in TC-prone regions11,14,15.

To overcome these limitations, regional studies on TC storm
surges have extended the historical TC record by generating
synthetic TC tracks32–34. These synthetic TC tracks, representing
thousands of years of TC activity, are generated through statistical
resampling and modeling of observed TC tracks and intensities.
The main advantage of such a method is that it does not assume
an upper tail behavior based on an extreme value fit, which can be
unstable with a limited sample size. Instead, low exceedance
probabilities are estimated empirically from the large set of
reconstructed events. Such approaches have been applied in
places like Australia10,11, The United States35, New York13,14,
Tampa, Cairns, and the Persian Gulf36. More recent, global-scale
studies have built on these regional approaches and developed
new synthetic TC datasets, enabling RP estimates for up to
10,000-years28,37,38 with high statistical confidence. These novel
datasets pave the way to properly account for TC-induced storm
surges and compute more robust storm tide RPs on a global scale.
However, a global-scale study on storm tide RPs using synthetic
TC tracks has never been conducted.

This study addresses this research gap by presenting a new
combined global dataset of TC and ETC storm tide RPs that we
call COAST-RP (COastal dAtaset of Storm Tide Return Periods).
Building upon the hydrodynamic modeling framework presented

in prior research18,26,39, our methodology contains two main
novelties. First, TC-induced and ETC-induced storm surges are
modeled separately using different types of meteorological forcing.
For TCs we use synthetic TC tracks from the STORM dataset28.
STORM is a fully statistical model that extracts the TC char-
acteristics from any input dataset, in this case, IBTrACS
(1980–2017), and statistically resamples this to the equivalent of
10,000 years under the same climate scenario. For ETCs we use the
ERA5 climate reanalysis. With ETC storm surges we refer to all
surges not caused by a TC. As a result, ETCs are the main drivers
of extremes in the ETC surge level time series, though they also
include extremes generated by other weather phenomena such as
depressions, anti-cyclonic storms, monsoons, and polar lows40,41.
Second, the extreme value analysis (EVA) method consists of an
empirical approach based on a large sample size rather than fitting
extreme value distributions and extrapolating storm tide levels to
high RPs. To accomplish this, we generate stochastic storm tide
event sets based on the possible combinations of tides and surges
from TCs and ETCs. This allows for estimations of rare storm tide
RPs with high statistical confidence that produce a consistent
global dataset with storm tide RPs. Finally, we show how the full
inclusion of TCs changes the exposure of the global population to
low-probability coastal flooding.

Results
TC storm surge RPs. The 25-year return period (RP25) of TC-
induced storm surges exceeds 2.0 m in several regions (Fig. 1a),
including the Yellow Sea and East China Sea (China), the Gulf of
Carpentaria (Australia), the Bay of Bengal (Bangladesh), and the
gulf and east coasts of the United States. For this, we simulate TC
storm surges by forcing the Global Tide and Surge Model
(GTSM)26 with 3000 years of the current climate (1980–2017)
synthetic TC tracks from the STORM dataset28 (see “Methods”
section). Subsequently, we apply the Weibull plotting position
formula to the simulated TC storm surge levels and estimate RPs
(Supplementary Fig. 1). To compare the STORM-based results
against historical events, we force GTSM with the same TC tracks
that were used as input for the STORM model. These TCs are
filtered from IBTrACS9 by selecting those TCs with maximum
wind speeds equal to or larger than 18 m s−1, that form within a
TC basin and within a TC season (see ref. 28 for an overview).
This amounts to 2710 historical TCs in the period 1980–2017.
Differences in RP25 surge levels between STORM and IBTrACS
are smaller than 0.25 m for 85% and 0.10 m for 67% of the output
locations prone to TCs (Fig. 1b). In the Gulf of Mexico, the east
coast of the United States, parts of northern Australia, and
Madagascar, the difference in RP25 is larger than 0.5 m. However,
the 90% confidence interval of STORM RP25 also exceeds 0.5 m
in those regions with large differences between the STORM-based
and IBTrACS-based RP25 (i.e., at 24% of the output locations).
This suggests that at least part of the difference between the
synthetic and observed TCs is explained by the stochastic nature
of TCs where the 38-year period of IBTrACS can contain too
many (or few) or too extreme (or weak) storm surge events
compared to the probability of a certain TC storm surge event
based on STORM. An example of a storm surge event with a
much higher RP than 38 years is TC Sandy, which made landfall
near New York and has an estimated storm tide RP of 260
years14; this emphasizes the need for a long time series of TC
storm surge levels in order to accurately compute RPs.

ETC storm surge RPs. The RP25 for ETC-induced storm surge
levels exceeds 2.0 m along with parts of the coastline of Argentina,
Uruguay, Australia, and countries bordering the Arctic Ocean
and the North Sea (Fig. 2a). To compute ETC RPs we use 38 years
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Fig. 1 Tropical cyclone-induced storm surge levels with a 25-year return period. The panels show the (a) STORM-based 25-year tropical cyclone storm
surge return period, (b) absolute difference (m) in TC storm surge levels between STORM and IBTrACS, and (c) the range of the 90% confidence interval
(m) of STORM. The difference in surge level is calculated by subtracting the IBTrACS-based RPs from STORM; the range of the confidence interval is
calculated as the difference between the 5th and 95th percentile.

COMMUNICATIONS EARTH & ENVIRONMENT | https://doi.org/10.1038/s43247-021-00204-9 ARTICLE

COMMUNICATIONS EARTH & ENVIRONMENT |           (2021) 2:135 | https://doi.org/10.1038/s43247-021-00204-9 | www.nature.com/commsenv 3

www.nature.com/commsenv
www.nature.com/commsenv


Fig. 2 Extratropical cyclone-induced storm surge levels with a 25-year return period. The panels show the (a) 25-year extratropical cyclone storm surge
return period, (b) absolute difference (m) in surge levels between ERA5 and ETC, and (c) the relative difference (%) in surge levels between ERA5 and
ETC. The absolute and relative differences in surge level are calculated for the ETC-based RPs relative to ERA5, where ETC is similar to ERA5 but with the
tropical cyclones removed.
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(1980–2017) of storm surge levels from a prior study26, which
forced GTSM with the ERA5 climate reanalysis. To prevent the
double-counting of TCs included in synthetic TC simulations, we
remove all TC-induced storm surges from the ERA5 surge levels
before calculating ETC storm surge RPs (see “Methods” section).
The effect of removing TC storm surges from the ERA5 surge
levels on the RP25 surge level (Fig. 2b) is especially large in
eastern China, north Australia, and the United States’ gulf and
east coasts with reductions of up to 1.0 m. This result is in line
with the RP25 for TC storm surges, which shows the highest
surge levels in the same regions. The relative effect (Fig. 2c) is
large (>50%) in the previously named regions, as well as islands in
the Caribbean, Pacific, and South Indian Oceans. These islands
are affected by TCs infrequently, while ETCs generally do not
occur in such tropical regions; this explains the large relative
decrease in storm surge level.

Global storm tide RPs. At 3% of the output locations the
RP1000 storm tide level exceeds 5.0 m (Fig. 3a), particularly in
areas with a shallow and wide continental shelf. To obtain storm
tide levels at a given location, we combine the TC and ETC surge
levels with 1000 random tidal levels taking seasonality into

account (see “Methods” section). Subsequently, the RPs of TC-
induced and ETC-induced storm tides are computed separately
and then probabilistically combined to determine the corre-
sponding RPs. Storm tide levels exceeding 5.0 m are observed on
all continents but with different forcing mechanisms. For exam-
ple, in the Bay of Bengal and the Gulf of Mexico, TCs are the
main drivers, while a large tidal range and ETC storm surges are
responsible for high storm tides in Europe and Canada. In north
Australia and the east coast of The United States, high storm tides
are typically caused by the coincidence of a TC or ETC with high
tide. In regions with both TCs and ETCs, ETCs influence most
low RPs. RPs during which TC storm tide levels surpass those
caused by ETCs (Fig. 3b) are low (<10 years) along parts of the
coastline of Vietnam, south-east China, northern Philippines, and
several islands in the North Pacific and the Caribbean. Typically,
RPs beyond which the TC storm tides are larger increase further
away from the most TC-active regions, towards the equator and
the poles. In general, the RP curve of TC storm tide levels has a
steeper slope than the RP curve of ETCs (Fig. 3c-h). Near
Quanzhou (China), both TCs and ETCs can produce a substantial
storm tide level. As a result, the difference in slope between the
RP curves representing TC-induced and ETC-induced storm
tides is relatively small, and the TC-ETC transition is smoother

Fig. 3 Storm tide level return periods. The panels show the (a) 25-year storm tide return period, (b) crossover return period at which tropical cyclones
start to exceed extratropical cyclone storm tide levels, and Weibull’s plot showing tropical (blue) and extratropical cyclone (red) storm tide return periods,
together with the sum (black), at (c) New York, (d) The Hague, (e) Quanzhou, (f) Montevideo, (g) Toamasina, and (h) Cairns.
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than others, like the one in New York (United States). In New
York, ETCs referred to as Nor’easters42, are the main source of
RP10 storm tides14,43. From RP45, storm tides are dominated by
TCs, which can generate substantially higher storm tides com-
pared to ETCs at this location. The transition point, at which the
influence of TCs and ETCs is equal in terms of the combined RP,
shows the value of quality estimates of TC and ETC storm tide
RPs. It is interesting that along the northeast coast of the United
States the transition point is approximately RP100, as the 100-
year flood zone is used by the National Flood Insurance Program
to determine who has to pay flood insurance and who can choose
to pay in the United States14,44. Finally, in Cairns (Australia), TC-
induced storm tides surpass those caused by ETCs at RP391,
showing how important it is to consider TCs when estimating
high RPs of storm tides, also if TCs are very rare compared to
ETCs36.

To validate the COAST-RP dataset, we compare storm tide RPs
with regional studies that use a similar approach along the
coastlines of Australia10,11 and the United States14,35. In general,
the comparison shows a good agreement. For the RP1000 storm
tide levels across 600 output locations in Australia, the root mean
square error (RMSE), mean relative bias, and Spearman’s rank
coefficient are, respectively, 0.60 m, +2.9%, and 0.94. A possible
explanation for the positive bias is the higher resolution of GTSM
(2.5 km) compared to the grid used by ref. 10 (10 km). ref. 35

presented storm tide RPs in the United States, only taking TCs
into account. As COAST-RP indicates that the RP1000 for TC
storm tides surpass those induced by ETCs along the east coast of
the United States, the results can be compared. The RMSE, mean
relative bias and Spearman’s rank coefficient based on 23 output
locations are, respectively, 0.90 m, +5.8%, and 0.76. The relatively
small contribution of tides to storm tides along the United States
coastline compared to Australia’s could explain the lower
Spearman’s rank coefficient. For all 23 output locations, our
RP1000 storm tide levels fall within the 5th–95th percentiles as
reported by ref. 35. Furthermore, one study14 assessed both TC
and ETC storm tides for the New York area and estimated that
TC storm tide levels surpass those of ETCs at a 60-year RP at The
Battery, while we find a crossover RP of 45 years. Overall, the
validation indicates good agreement of the COAST-RP dataset
with regional studies.

Flood exposure. Using a static flood model, we find that 77.8
million people globally are exposed to the ETC RP1000 flood
level. This increases to 191.6 million people when taking TCs into

account (Fig. 4). This equals, respectively, 1.0% and 2.5% of the
global population (Table 1). The estimates of the exposed
population are based on MERIT45 elevation data and the
GPWv446 population for the year 2020. We assume no protection
from coastal flooding because protection standards are below
RP1000 along most global coastlines47. The exposure per country
to TC and ETC RP1000 flood levels relative to the global exposure
(Fig. 4a) is especially large in Bangladesh (24%), India (19%),
China (14%), and Vietnam (7%). This is a result of their large
populations, as well as the high RP1000 storm tide levels
exceeding 3.0 m along most of the coastlines of these countries,
even exceeding 10.0 m in the Bay of Bengal. Excluding the impact
of TCs (Supplementary Fig. 2), the relative exposure is largest in
China (17%), followed by the Netherlands (12%), Vietnam (10%),
and India (9%). The relative contribution of TCs to total exposure
per country, relative to ETCs, is especially large (>90%) in Puerto
Rico, Belize, Cuba, Mexico, and Bangladesh (Fig. 4b); additionally
the United States and India are highly exposed to TC-induced
flooding. To explore which countries with small populations may
be hit hard by an RP1000 flood event, we also calculate the
exposure per country relative to the country’s population
(Table 1). This way, countries with a small number of inhabitants

Fig. 4 Exposed population. The panels show the (a) number of people exposed to an RP1000 flood event per country relative to the global population,
taking TCs and ETCs into account, and (b) the part of the exposure caused by TCs per country. For countries depicted in gray on both subpanels, estimates
of exposure are equal to zero, while countries that are only gray on the right panel (b) are not affected by TCs that contribute to the country’s exposure.

Table 1 Top ten countries exposed to RP1000 flood levels.

Absolute
exposure (×1
million people)

Relative exposure
(% of country
population)

Country Total (% TC) Country Total (% TC)
Bangladesh 46.3 (91%) Netherlands 55.9 (0%)
India 37.0 (80%) Bahamas 43.2 (62%)
China 25.9 (49%) Bangladesh 28.4 (91%)
Vietnam 13.6 (46%) Myanmar 15.7 (84%)
Netherlands 9.4 (0%) Vietnam 14.3 (45%)
Myanmar 8.8 (84%) Guyana 10.5 (38%)
Indonesia 4.6 (0%) Belgium 7.4 (0%)
United States
of America

3.7 (86%) Greenland 6.4 (0%)

Japan 3.5 (46%) Guinea 5.2 (0%)
Philippines 2.9 (55%) Albania 3.9 (0%)
World 191.6 (59%) World 2.5 (60%)

The table shows the exposure to RP1000 flood levels for the top ten most exposed countries.
Countries are ranked by estimates of absolute (left two columns) and relative exposure (right
two columns) to RP1000 flood levels. Here, relative exposure indicates the number of people
flooded per country relative to the country’s population. The number between brackets indicates
the contribution of TCs to the total exposure as a percentage.
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are also listed in the top 10 most exposed countries, such as the
Bahamas and Guyana (population <1.0 million).

By combining ETCs from ERA5 and TCs from STORM, the
COAST-RP dataset provides a major improvement compared to
the previous datasets18,19,26, which have not fully accounted for
the low probabilities of TCs. Here we compare results against
previous exposure estimates using the same flood model. The
RP1000 flood map based on the COAST-RP dataset results in a
31% higher exposure estimate compared to the RP1000 flood map
from ref. 25, which used the GTSR18 dataset and IBTrACS9-based
TC simulations as input. Countries where the exposed population
at least doubles are those known to face TCs, for example,
Myanmar, the Bahamas, Japan, and the United States. For lower
RPs (RP < 1000) it differs whether the exposure estimate is largest
using COAST-RP or Aqueduct48 (Supplementary Table 1). More
specifically, for RPs below RP10 or above RP100 the COAST-RP-
based exposure estimate is higher compared to Aqueduct. Note
that these differences are not simply the effect of including TCs
but are the aggregated effect of the higher resolution input data
and model, as well as the use of other statistical methods.
However, the large difference for high return periods does
indicate that previous studies have underestimated the global
exposure to coastal flooding by not fully accounting for low-
probability TCs.

Discussion
This study provides a novel global dataset of storm tide RPs,
COAST-RP, that for the first time includes low-probability TCs.
By using synthetic TCs from the STORM dataset and sampling
the surge with random tides we were able to estimate storm tide
RPs without fitting a parametric extreme value distribution. Our
global modeling framework gives comparable results to studies
that applied a similar approach at smaller spatial scales. The
exposure analysis showed that 78 million people are exposed to
the ETC RP1000 flood level, which increased to 192 million
people when taking TCs into account. In addition, the exposure
estimate based on the COAST-RP RP1000 flood map is 31%
higher compared to Aqueduct48, which is based on the GTSR
dataset18 and TC tracks from IBTrACS9. This indicates that
previous studies have greatly underestimated the global exposure
by not fully accounting for low-probability TCs.

Several aspects of our methodology could be improved. First,
the statistical resampling techniques underlying the STORM
dataset do not account for physical characteristics28. The STORM
algorithm allows TCs to propagate within a 5° × 5° box based on
the distribution of historical TC tracks in that box. For some
locations, this resolution is too coarse, and longer records of
observed TCs are required to better train the algorithm. As a
result, in some areas there may be too many and too strong or too
few and too weak TCs, resulting in an overestimation or under-
estimation of TC-induced surge levels. For example, in the
northwest area of the Pacific, between 30° and 40° latitude, TCs
tend to move toward the north or northeast9. However, TCs in
the STORM dataset also moved westward into the shallow and
semi-enclosed Bohai Sea. As a result, modeled TC storm surges of
up to 6.5 m largely exceeded the highest observed storm surges of
2.5 m12,49. By applying a bias correction at output locations where
the IBTrACS-based TC storm surge level RPs fall outside the
5th–95th percentiles of STORM (see “Methods” section), we
largely removed this bias. That said, it is inevitable that some
overestimations or underestimations of storm tide RPs in TC-
prone regions remain in the COAST-RP dataset.

Second, we used the Holland parametric wind model to
simulate wind and pressure fields for synthetic TCs. The Holland
model assumes that a TC has a symmetric eye with wind speeds

reducing away from the eye in a uniform way50–52 and that it
adds asymmetry to the wind field by taking the translational
speed of a TC into account. In reality, TCs are much more
complex systems where asymmetry is steered by other processes
as well53. Although this has not a large effect on the highest surge
levels that occur near the TC’s eyewall, surge levels further away
from their centers may be underestimated54,55. The application of
more advanced parametric wind models51,56,57 is expected to
improve the accuracy of TC-induced storm surges, however,
unfortunately, the synthetic TCs from STORM does not contain
sufficient information to do so.

Third, our modeling approach simplifies some of the coastal
processes. We did not consider tide-surge interactions, wave
setup, coastally trapped waves, and mean sea-level variability.
Due to computational constraints, tides and surges are modeled
separately and probabilistically combined to obtain storm tide
levels. Tide-surge interactions are known to be important in areas
with a large tidal range and shallow bathymetry58. Along most of
the global coastline non-linear tide-surge interactions reduce total
water levels59. Therefore, ignoring the tide-surge interaction
component will result in an overestimation of the flood risk in
some areas60. This could be improved in the modeling framework
by, for instance, including the dependence between surge and
tidal level. We do account for seasonality as tides are sampled
from the month when the surge occurs. Wave setup can increase
storm tide levels near the coast, especially in regions with steep
slopes61. As such, it is often an important component of extreme
sea levels, and further developing our modeling framework to also
include a dynamic wave component would be a relevant avenue
for future research. To accomplish this, we could build upon the
work of previous global studies that have applied a parametric
approach, using offshore wave height, to obtain estimates of wave
setup on a global scale19,62. Coastally trapped waves can generate
a storm surge that travels far away (>1000 km) from a TC in
regions like western Australia and Vietnam63,64. These waves are
not captured by GTSM as this would require a 3D hydrodynamic
model. However, we believe the influence on our results is small
as these waves generally do not exceed a few tens of centimeters
and only become of interest when they coincide with the actual
storm surge. Last, GTSM is a 2D barotropic model and as such we
ignore mean sea level variability that is not driven by wind or
atmospheric pressure65. Driven by steric changes and ocean cir-
culation, mean sea levels vary at seasonal to decadal timescales.
This effect can be up to 10 cm which adds to the occurrence of
extremes66.

The COAST-RP dataset provides an improved basis for large-
scale flood risk assessments. By using synthetic TCs representing
3,000 years of data, this dataset represents a substantial
improvement over existing global datasets, such as the Coastal
Dataset for the Evaluation of Climate Impact (CoDEC)26 and
others (e.g., refs. 18,19). Overall, we expect this to lead to higher
estimates of present-day flood risk in TC-prone regions, espe-
cially in areas where the historical record includes too few or too
weak TC events. In future research, we aim to apply the presented
modeling framework to future scenarios and assess the impact of
climate change on storm tide RPs. While sea-level rise may be the
dominant driver19, TCs and ETCs are projected to become more
intense in some areas. More specifically, most climate models
indicate an increase in average TC intensity67 and project an
average 5% increase in lifetime maximum surface wind speeds. In
addition, the number of slow-moving TCs is expected to
increase35,68, possibly resulting in prolonged coastal flooding. For
ETCs, most climate models show a spatial shift of storm tracks,
with a poleward shift in the Southern Hemisphere, for example,
but do not indicate a clear change in ETC intensity69,70. When
combining such information on future storminess with
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probabilistic projections of SLR along the coastline of the United
States, ref. 35 found that the historical RP100 will occur at least
every 30 years toward the end of the 21st century in the southeast
Atlantic and the Gulf of Mexico. Such information on future-
climate storm tide RPs is essential to accurately assess future flood
risk and may prioritize adaptation efforts in areas facing the
highest flood risk.

Methods
General approach. Storm tides are driven by the combined effect of storm surges
and tides. To estimate the RPs of storm tides, we followed three main steps (Fig. 5).
First, we separately simulated TC surge levels, ETC surge levels, and tidal levels.
Second, at each output location, we stochastically combined TC and ETC surge
levels with random tidal levels to obtain TC and ETC storm tide levels, respectively.
Third, we calculated the exceedance probabilities for TC and ETC storm tides using
Weibull’s plotting position formula71 and probabilistically combined the two to
obtain storm tide RPs.

Hydrodynamic model. Storm surges and tidal levels were simulated with the third
generation Global Tide and Surge Model (GTSMv3.0)26,72. The GTSMv3.0 is a
global depth-averaged hydrodynamic model based on the Delft3D Flexible Mesh
software73. The resolution varies between 25 km in deeper parts of the ocean and
2.5 km along the coast (1.25 km for Europe). Storm surges can be simulated by
forcing GTSMv3.0 with wind and pressure fields. The stress exerted by the wind on
the ocean was parameterized by multiplying the quadratic 10-m winds (U10) with
the atmospheric density and a user-defined wind drag coefficient (Cd), which
depends on the surface roughness74,75. Tides were induced by including tide-
generating forces using a set of 60 frequencies. The physical processes of internal
tides and self-attraction and loading were implemented in GTSMv3.072. To include
the 18.6-year nodal cycle, tidal levels were simulated with GTSM for the 1999–2017

period (19 years). Here, we used the same model setup as described in ref. 26, which
consisted of 23,226 output locations every 25 km along the global coastline. A
subset of 10,641 output locations located in regions prone to TCs was used for
simulating TC storm tides. The GTSM forced with ERA5 meteorological data has
been validated in previous studies for both RPs of storm tides26 and individual TC
events31.

TC storm surge modeling. To simulate TC-induced storm surges, we used a
dataset of synthetic TC tracks generated with the Synthetic Tropical cyclOne
geneRation Model (STORM)28. The STORM dataset was created by statistically
resampling climatological data from 38 years of best-track historical data found
within the International Best Track Archive for Climate Stewardship (IBTrACS)9.
It was used to generate TCs representing 10,000 years of data under present-
climate conditions. Variables extracted from STORM are U10, mean sea level
pressure (MSLP), longitude, latitude, and the radius to maximum winds (Rmax).
Hydrodynamic simulations conducted using GTSM are computationally expensive;
therefore, we used different strategies to reduce the total runtime. First, from the
10,000 years of TC activity in STORM, we only simulated 3000 years of surge
levels, which is sufficient to reliably estimate the RP100076. Second, we only used
TC tracks that come within 750 km of land. Third, for each TC, we selected the part
of the track within 1000 km of the coast. Last, we simulated multiple TCs simul-
taneously, resulting in another 70% reduction of the total runtime. To make that
happen we used a newly developed algorithm that optimizes the spatiotemporal
placing of TCs77. To prevent a TC from being affected by any other TC, we set a
minimum distance of 2000 km between TC tracks.

For each TC track, wind speed, wind direction, and pressure fields were derived
using Holland’s parametric wind model50. The TC fields were represented by a
polar grid with 36 radials, 375 arcs, and a 750 km radius. As the global median
values of the azimuthally-averaged radius of 12 ms−1 winds and outer radius of
historical TCs are 197 km and 423 km78, respectively, a 750 km radius will include
all wind speeds capable of generating a significant storm surge79. As recommended
by ref. 54, the counter-clockwise rotation angle was set at β= 20°, and the storm

Fig. 5 Modeling framework. Flowchart showing the hydrodynamic modeling (green), and post-processing and extreme value analysis procedure (orange)
for each output location. ETC storm tide RPs are computed for each output location (red), and TC storm tide RPs are only included in TC-prone regions
(blue).
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translation to surface background wind reduction factor was set at α= 0.55. An
empirical surface wind reduction factor (SWRF) of 0.85 was used to adjust the
wind fields at gradient levels to 10-m surface levels80. A wind conversion factor of
0.915 was applied to convert winds from 1min average to 10 min average81. The
inflow angle from ref. 82 was used to measure inward from the azimuthal direction,
which increased linearly from 0° at the storm center to 10° at Rmax. Then, the
inflow angle increased further to 25° at 1.2 × Rmax and remained at 25° beyond.
We used Garrat’s drag formula for 10-m wind speeds83 with Cd= (0.75+
0.067U10) × 10−3, which has been applied in numerous surge modeling
studies54,84. Cd is capped at Cd= 2.5 × 10−3 following ref. 85, as most studies agree
that Cd begins to level off at wind speeds above 30 ms−1 86. The final product
consisted of TC storm surge time series at a 10-min interval, representing 3000
years of TC activity.

Next, we applied a bias correction to the TC storm surge levels based on TC
storm surge levels for observed TCs. The reason for applying a bias correction is
that the synthetic TCs in STORM is too intense in some regions, resulting in storm
tide RPs that are too high. The bias correction is based on three steps. First, we
simulated observed TC-induced storm surges by forcing GTSM with TC tracks
from IBTrACS. Missing Rmax values in the IBTrACS dataset were computed based
on the latitude and U10 of a TC, using estimates of TC geometry parameters per
basin87. Second, we computed the 5th and 95th percentiles (i.e., 90% confidence
interval) for the STORM RPs based on bootstrapping using 599 repetitions. Per
output location, we computed the average storm surge level with an RP between 2
and 19 years for IBTrACS and selected those output locations where the IBTrACS
value fell outside the 90% confidence interval of STORM (supplementary Fig. 3).
Last, at the selected locations, we multiplied all TC storm surge levels with a
correction factor (Supplementary Fig. 4) equal to the average 5th (when too low) or
95th (when too high) percentile value divided by the average IBTrACS value. We
used this rather conservative linear scaling method, based on the 5th or 95th
percentile instead of the 50th percentile, because IBTrACS itself may underestimate
or overestimate the exceedance probabilities due to its limited record length. In
most regions where a bias correction has applied the magnitude of the bias
correction is negligible. The three main regions where a substantial correction
factor is applied include the northeast coast of China (0.7), north Australia (1.4),
and the northern coastline of South America (0.6), with the average correction
factor in these regions indicated between brackets. Along the northeast coast of
China the overestimation of TC storm surges can be explained by the fact that in
STORM, TC intensification and weakening are modeled as a function of sea-
surface temperature28. As a result, a TC can continue to intensify in mid-latitude
regions as long as the sea surface temperature is high enough to sustain a TC,
whilst in reality, the TC will experience effects from enhanced wind shear and
extratropical transition. The underestimation in north Australia is caused by the
fact that this region is located near two TC basin boundaries of STORM. Since TCs
in STORM are cut off when they cross the basin boundary, this drives an
underestimation of TC storm surges in the coastal region near Darwin. Last, the
overestimation along the northern coastline of South America may be explained by
the additional error term that is applied by the STORM model to simulate a TC
track. This error term may cause the TC to move southward as opposed to the
much more general north(westward) direction of observed TCs in these latitudinal
regions.

ETC storm surge modeling. To simulate ETC-induced storm surges, we made use
of wind and pressure fields from the ERA5 climate reanalysis88 from the European
Center for Medium-range Weather Forecasts (ECMWF). ERA5 has a horizontal
resolution of 0.25° × 0.25° and a temporal resolution of one hour. The ERA5-based
time series of storm surge levels were taken from Muis et al.26. We used the
1980–2017 period for two reasons: (1) this period was used to generate the STORM
dataset. By using the same period, we ensured that the underlying climate condi-
tions of the TC and ETC simulations were the same; and (2) to prevent the double
counting of TCs, we removed the TC-induced storm surges from the
ERA5 simulations using IBTrACS, which is complete from 1980 onwards when
reliable satellite observations became available. We assume that a storm surge is
induced by a TC when there is a TC within 250 km, until 48 h after the last
available time step of a TC track. TCs with a Rmax exceeding 50 km is likely to
affect a larger stretch of coastline. Therefore, we used a distance of 5 × Rmax if the
Rmax exceeds 50 km. A constant Charnock parameter was applied with a value of
0.04189 to translate wind speed into wind stress90. The final product consisted of 38
years of ETC storm surge time series at a 10-min interval.

Extreme value analysis. For TCs, we first detected all surge peaks that are at least
three days apart to ensure independent events and we extracted surge levels from
24 h before until 48 h after the peak. Second, a 72-h tidal levels time series was
randomly sampled from the TC genesis month from any of the 19 available years
and combined with the extracted surge levels to obtain a 72-h storm tide levels time
series. Third, the highest storm tide level was extracted. This procedure was
repeated 1000 times, resulting in 1000 maximum storm tide levels per surge peak.
Last, we computed the empirical exceedance probabilities of TC storm tides.

For ETCs, a complete year of ETC surge levels, from January 1 until December
31, was combined with year-long tidal levels91. The tidal levels time series were
randomly shifted between 30 days to include the full spring and neap tide cycle.

Second, all storm tide peaks exceeding the smallest tidal level of 19 yearly tidal
maxima, which are at least 72-h apart to ensure independent events, were
extracted. We repeated this 1000 times to obtain the equivalent of 38,000 years of
storm tide time series per output location. Last, we computed the empirical
exceedance probabilities of ETC storm tides.

Storm tide RPs were obtained per output location by taking the inverse of the
sum of the TC and ETC storm tide yearly exceedance frequency similar to ref. 14.
For a given storm tide level x, we calculated its return period as follows:

RP xð Þ ¼ 1
1

RPTC xð Þ þ 1
RPETC xð Þ

ð1Þ

where RP is the return period in years of storm tide level x. RPTC and RPETC refer
to the return period of the TC and ETC storm tides at the same storm tide level,
respectively. At output locations not affected by TCs, Eq. (1) simplifies to
RP ¼ RPETC. Throughout the paper, variables like RP100 denote the 100-year RP.
This is because it is the storm tide level that is exceeded, on average, once every 100
years, and has an exceedance probability of 0.01 (1/100) in any given year. The
EVA method presented here cannot assume storm surge levels exceeding the ones
present in the input data92. This assumption could lead to an underestimation of
ETC storm tide RPs. To test whether this was the case, we compared our empirical
approach with fitting extreme value distributions like Gumbel. The results did not
show an underestimation of ETC storm tide RPs (Supplementary Fig. 5;
Supplementary Note 1). Therefore, we chose to apply the empirical EVA method.

Modeling inundation and flood exposure. To demonstrate a first application of
the COAST-RP dataset we computed flood exposure. We developed flood maps for
the RP1000 storm tide level using a static inundation model that considers water
level attenuation48. The multi-error-removed improved-terrain digital elevation
model (MERIT DEM)45 at a 30-arcsecond resolution (approximately 1 km at the
equator) was used as input. To account for surface roughness that reduces the
water level inland93, a water level attenuation factor of 0.5 m km−1 was used. All
areas with a direct connection to the sea and that have an elevation lower than the
water level that is reduced by the attenuation factor were inundated. Flood expo-
sure was measured in terms of the exposed population using the Gridded Popu-
lation of the World version 4 (GPWv4)46 population count maps for the year 2020.
They have been nationally adjusted to data from the United Nations World
Population Prospects 2015 Revision94. To test the sensitivity of the exposure
estimates to the population count maps, we also calculated the exposed population
using WorldPop95 population count maps, which resulted in a 10% reduction of
the TC and ETC exposure estimates. Flood protection was not included in the
analysis and would lead to an overestimation of the exposed population in areas
protected against RP1000 flood events. That said, the flood extent could be
underestimated in deltas and estuaries where the river may propagate the storm
tide into the hinterland.

Data availability
The COAST-RP dataset developed and applied during the study is available in the 4TU.
ResearchData data repository96 (https://doi.org/10.4121/13392314) and includes storm
tide levels with 1, 2, 5, 10, 25, 50, 100, 250, 500, and 1000-year RPs.

Code availability
The TC placing algorithm and the Holland parametric wind model used to generate TC
wind fields, written in Python, are available on github: https://github.com/nlesc-mosaic/
TCM (TC placing algorithm); https://github.com/NBloemendaal/STORM-return-periods
(Holland parametric wind model). Other codes used to generate results reported in the
paper and central to its main claims are available upon request from the authors.
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