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Hazards

Tropical cyclones (TCs) pose significant risks due to their associated hazards, including powerful winds, inland
and coastal flooding, and wind waves. However, more reliable TC records are required to ensure a robust sta-
tistical analysis for risk assessment. To overcome this limitation, researchers have developed methods to generate
synthetic tropical cyclones (STCs) that provide a larger sample size of occurrences at specific locations. This
study compares STC databases from different sources such as Massachusetts Institute of Technology (MIT),
Columbia HAZard model (CHAZ), Synthetic Tropical cyclOne geneRation Model (STORM), and Deltares with
historical TCs from the International Best Track Archive for Climate Stewardship (IBTrACS) on a basin-wide scale
in the North Atlantic Basin. The aim is to assess the effectiveness of STCs in replicating crucial historical tropical
cyclones parameters for risk analysis and to identify potential biases in the STC generation models. The com-
parison uses a hexagonal mesh to evaluate characteristics such as maximum winds, translation speed, and
residence time. The study acknowledges the validation paradox arising from the limited IBTrACS data at specific
locations that make it difficult to rigorously validate the accuracy of STCs in those areas and from systematic
differences across the STC datasets. Despite the historical TCs database limitation, comparing STC with IBTrACS
characteristics remains the only viable method for assessing biases in STC generation models. The evaluated STCs
reveal spatial bias patterns, which may indicate deficiencies in the underlying hazard models. Identifying and
describing these biases aim to guide the use of these events and highlight key aspects for further development in
STC generation methods.

1. Introduction

Tropical cyclones (TCs) are hydrometeorological events character-
ized by their associated hazards, including powerful winds, coastal and
inland flooding, extreme rainfall and large waves. The combined impact
of these hazards results in one of the highest insured losses of all natural
hazards, second only to earthquakes and tsunamis in terms of fatalities.

Given their significant risks, TCs have been extensively studied across
various research fields, from forecasting to long-term trend analysis and
climatological assessments. However, reliable TC records have only
been available since the satellite era (Vecchi and Knutson, 2011; Land-
sea and Franklin, 2013). Consequently, the existing data are scarce and
lack sufficient TC information to produce reliable statistics for risk as-
sessments. To overcome this data scarcity, researchers have developed
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alternative methods for creating robust statistics by generating synthetic
events that can provide a larger sample size of occurrences at specific
locations. Synthetic tropical cyclone datasets offer a valuable alternative
to historical records, enabling the exploration of low-frequency, high-
impact events and future climate scenarios. This study aims to assess the
reliability of commonly used STC products by comparing them to ob-
servations, thereby addressing the growing need for robust data in
climate risk modeling and adaptation planning.

Various methods can be employed to generate synthetic events,
including the utilization of sea surface temperatures (Vickery et al.,
2000; Hall and Jewson, 2007; Yonekura and Hall, 2011), statistical
approaches (Bloemendaal et al., 2020b; Nederhoff et al., 2021), and
hybrid statistical-deterministic techniques (Emanuel, 2006; Lee et al.,
2018; Xi and Lin, 2022). Synthetic tropical cyclones (STCs) have been
utilized to evaluate TCs on global, basin-wide, and location-specific
scales, encompassing assessments of winds (e.g., Nederhoff et al.,
2021), storm surges (e.g., Ruiz-Salcines et al., 2021), ocean waves (e.g.,
Appendini et al., 2017; Ruiz-Salcines et al., 2019) and TC costs (e.g.,
Meiler et al., 2022). The primary advantage of synthetic models is their
ability to provide a large number of STCs, which enables robust statis-
tical analysis. Particular advantages of statistical-dynamical down-
scaling models are their climate dependence and their capability to
incorporate the effects of climate change.

Although using databases with numerous STCs offers benefits, the
validation process often involves the removal of detailed geographic
information when performing basin-wide analyses, as reported by
Emanuel et al. (2006, 2008), Lee et al. (2018), and Bloemendaal et al.
(2020a). On one hand, this method is deemed suitable because synthetic
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events are designed to overcome the constraints of short historical re-
cords, and validation of these datasets can only be accomplished by
comparing them to another extensive one, specifically basin-wide his-
torical occurrences. On the other hand, validation at a local scale can be
valuable, but it brings out a validation paradox: while synthetic models
are designed to overcome the data scarcity imposed by the historical
tropical cyclones data by providing a more extensive set of events for
statistical analyses, the scarcity of historical tropical cyclones data in
specific locations makes it difficult, if not impossible, to rigorously
validate the accuracy of the synthetic data in those areas. This creates a
situation in which the STCs might offer a better statistical representation
of potential TC activity; however, there are insufficient historical trop-
ical cyclones data to confirm whether the synthetic models accurately
reflect the observed activity. Consequently, location-specific biases may
remain undetected, leading to potential inaccuracies in local risk as-
sessments based on the STC data. Therefore, although STCs can be a
valuable tool, the application of such methods at the local scale should
be approached with caution, and further efforts should be made to
enhance validation methods whenever possible (Strazzo et al., 2013).
In this study, we acknowledge the validation paradox but proceed
from the premise that comparing STCs with historical tropical cyclones
is the only viable method to assess biases in STC generation models (Lee
et al., 2022). Therefore, we analyzed STC databases from different ac-
ademic and applied research sources on a basin-wide scale to determine
their effectiveness in replicating the historical tropical cyclones pa-
rameters crucial for risk analysis, particularly their ability to reproduce
local data. Our goal is to identify and describe the biases in the synthetic
datasets as derived from the different models and thus to guide their use
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and highlight key aspects for further development. Section 2 describes
the analyzed databases and evaluation method, followed by the results,
a discussion of the relevant biases in Section 3, and the conclusions.

2. Methods and data

The methodology used in this study is summarized in Fig. 1 and
described in the following subsections. This method compares historical
tropical cyclones with STC in a hexagonal mesh to assess characteristics,
such as maximum winds, translation speed, and residence time. The
residence time is calculated as the time, in hours, that a TC trajectory
remains in a spatial area. The following sections describe the datasets
and analyses used in this study:

2.1. Tropical cyclone data

2.1.1. Historical tropical cyclone data

The historical tropical cyclones data used in this study were obtained
from the International Best Track Archive for Climate Stewardship
(IBTrACS), managed by the National Centers for Environmental Infor-
mation (NCEI) of the United States (Knapp et al., 2010; Gathan et al.,
2024). The database contains the following variables for each oceanic
basin: hurricane name, year, month, day, hour, 1-min 10-m average
sustained wind speed in knots, latitude and longitude of the location of
minimum pressure (the eye of the TC), and central atmospheric pressure
in mb or hPa. Estimates on storm parameters are reported every three
hours, with the NHC as the source for the North Atlantic basin.

Geographical positions have a spatial resolution of 0.1° or greater,
and the maximum sustained wind speed is given in knots, generally
multiples of five. While the available Best Track data extend back to
1851 for the North Atlantic Basin, it is important to note that the
observation systems have improved dramatically as new observing
platforms came online and observing technologies have improved. Key
developments affecting the Best Track data quality include the advent of
routine aircraft reconnaissance in 1946, the beginning of the satellites in
the mid-1960s (Neumann and Elms, 1993; Landsea and Franklin, 2013),
and the GPS dropsonde (Hock and Franklin, 1999). Generally, the Best
Track data have been more reliable since the 1990s when the observa-
tional platforms became more consistent (Camargo et al., 2023). The
information recorded in the database is the result of the compilation and
integration of observational data from various sources, including
weather satellites, aerial reconnaissance, buoys, and weather stations.
This study used a 3-h segment database with the National Hurricane
Center information, focusing on the North Atlantic Basin. We retained
all the 1900 to 2023 TCs for the sampling size determination and trop-
ical storms or hurricanes in the study area from 1950 to 2023 (942
events) for the STC comparison.

To make the databases comparable, we excluded the track segments
north of 64°N and east of 2°E and those events crossing into the Pacific
basin. We retained all STC events that reached at least tropical storm
force intensity (34 knots) in the basin.

2.1.2. Synthetic tropical cyclone (STC) databases

The STC databases used in this study include those derived by sta-
tistical methods like the Synthetic Tropical cyclOne geneRation Model
(STORM) and Deltares, deterministic methods using reanalysis for the
Massachusetts Institute of Technology (MIT) and Columbia HAZard
model (CHAZ), and Coupled Model Intercomparison Project (CMIP)
models (MIT). Following is a description of each STC database used in
this study.

2.1.2.1. MIT STC database. Most STC databases used in this study are
from the Lorenz Center at the Massachusetts Institute of Technology
(referred to hereafter as MIT events). These STCs were generated using a
downscaling deterministic technique to create synthetic TCs by applying
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the Coupled Hurricane Intensity Prediction System (CHIPS) model to
events initiated through random seeding in space and time and propa-
gated forward using a beta-and-advection (Emanuel, 2006, 2008;
Emanuel et al., 2006). They were obtained for the North Atlantic Basin,
with 3050 tracks downscaled from 8 global circulation models (Zhu
et al., 2021; Rivera, 2023) of the sixth phase of the Coupled Model
Intercomparison Project (CMIP6) (Tebaldi et al., 2021). The selected
reanalyses and GCMs offer high spatial resolution, global coverage, and
are widely used in recent TC climatology studies (e.g., Xi et al., 2025;
Camargo et al., 2020, 2025).

The models used were CESM2 (Danabasoglu et al., 2020), CNRM-
CM6-1 (Voldoire et al., 2019), EC-Earth3 (Doscher et al., 2021),
HadGEM3-GC31-LL (Sellar et al., 2020), IPSL-CM6A-LR (Boucher et al.,
2020), MIROC6 (Tatebe et al., 2019), MPI-ESM1-2-HR (Miiller et al.,
2018), and UKESM1-0-LL (Tang et al., 2019) (hereafter referred to as
MIT-CESM, MIT-CNRM, MIT-ECEARTH, MIT-HADGEM, MIT-IPSL, MIT-
MIROC, MIT-MPI, and MIT-UKESM, respectively). These events were
generated for the period 1950-2014. This time interval corresponds to
the baseline “present climate”, which serves as a reference for future
work related to climate change analysis using CMIP6.

The objective in downscaling GCMs is to estimate hurricane activity
consistent with the GCM’s climate conditions, not with observed activ-
ity. Actually, the aim of the GCM is not to describe the present climate
but to improve the scientific knowledge of how variations in greenhouse
gases, aerosols, and incoming solar radiation affect the planet’s radia-
tion balance and climatic response (Myhre et al., 2022). Indeed, present-
climate risk assessments should use STCs derived from reanalysis rather
than GCMs in the current climate. Using reanalysis derived events pro-
vides more accurate assessments because reanalyses better capture the
mean environmental conditions that influence storm genesis and evo-
lution than uncorrected GCM output. While GCM-derived STCs fail to
reproduce the actual climate variability due to model biases (Sobel et al.,
2023), they are useful for detecting climate change effects on TCs as the
trend of GCM simulations captures the climate forcing signal. On the
contrary, the objective of deriving STCs from reanalysis is to obtain
events that are broadly consistent with historically observed activity
(Emanuel, 2021a). We included CERA20C, ERA5, MERRA2, and NCEP
reanalysis-derived MIT datasets, which cover more recent periods and
contain significantly more events, each providing approximately 20,000
STCs.

Storm frequency is governed by an externally prescribed seeding rate
so that the mean annual storm count in the basin matches the observed
IBTrACS climatology; this required calibration is intrinsic to the MIT
method rather than a post-hoc bias correction. Beyond that step, no
additional bias correction is applied, neither to frequency nor to wind-
intensity. Although bias-correction methods such as frequency match-
ing to reanalysis climatology (Gori et al., 2022) or parameter-level ad-
justments for wind speed, wave height, or storm tide (Appendini et al.,
2025; Xi and Lin, 2022; Qiu et al., 2025), are common in the literature,
here we analyzed the unaltered outputs to enable a direct comparison of
model formulations.

2.1.2.2. CHAZ database. The Columbia HAZard model (CHAZ) data-
base contains 686,396 STCs from 1981 to 2019 (Lee et al., 2018, 2022).
In the CHAZ model, STCs are initially seeded in time and space based on
the Tropical Cyclone Genesis Index (Tippett et al., 2011). These pre-
cursors are then steered by the background flow using a beta-and-
advection similar to that of Emanuel (2008). Along each track, a sto-
chastic autoregressive intensity model is applied to simulate the in-
tensity evolution of the STCs. Only those STCs whose lifetime maximum
intensity reaches at least 34 knots are recorded. Due to the design of the
stochastic intensity model, CHAZ consists of 40 members, each with
25,170 tracks; while the members share trajectories, they have different
wind speeds. The CHAZ model generates STCs from ERA5 reanalysis
data, offering a robust sample size for statistical analysis and enhancing
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the depth of comparative insights.

2.1.2.3. STORM database. The Synthetic Tropical cyclOne geneRation
Model (STORM; Bloemendaal et al., 2020b, 2022) database includes
109,026 STCs based on observed IBTrACS statistics from the IBTrACS
dataset (between 1980 and 2017). STORM is an open-source, global-
scale, full statistical model, which takes information on TC track, char-
acteristics (intensity, radius of maximum winds, and genesis month)
from IBTrACS, combined with environmental variables (monthly aver-
aged mean sea-level pressure and sea-surface temperature) from ERAS.
After assigning a genesis month, location, and first-step changes in track
and intensity, the TC track and intensity changes are modeled following
a series of autoregressive formulas. This way, STORM creates a new,
synthetic database of 10,000 years of STCs based on the statistics found
in the 38 years of input IBTrACS data. Validation of basin-wide STORM
STC statistics shows that they closely resemble those found in the
IBTrACS dataset (Bloemendaal et al., 2020a). In contrast to the other
datasets, the wind speeds in the STORM dataset are based on 10-min
sustained winds (V10min). Therefore, the data were converted accord-
ingly (Harper et al., 2010) (1) as part of the preprocessing.

Vimin = V,omin/0.88 1)

2.1.2.4. Deltares TCWiSE database. The Deltares TCWiSE database is
built using the Tropical Cyclone Wind and Impact Simulation Environ-
ment (TCWiSE; Nederhoff et al., 2021) tool, developed by Deltares. This
database for the North Atlantic includes 40,000 STC tracks generated
using a Monte Carlo-based statistical approach grounded in historical
cyclone data from IBTrACS (1886-2019). The tool employs four stages:
track initiation, evolution, wind field construction, and extreme wind
speed determination. STC tracks are generated using a Markov model to
simulate 3-hly changes in track location, forward speed, intensity, and
heading, incorporating kernel density estimates (KDEs) derived from
historical data. Unlike other databases, TCWiSE stands out for its flexi-
bility as a tool. Users can calibrate and validate cyclone generation
processes for specific regions and easily adapt the tool to include addi-
tional features. Unlike other databases, TCWiSE is a tool that can also
generate detailed wind fields, making it ideal for risk analysis and un-
derstanding climate variability impacts.

2.2. Analysis

To evaluate synthetic tropical cyclone (STC) databases on a common
spatial grid, we first selected IBTrACS, a high-quality historical database
covering the same spatial domain. We developed our sampling design by
analyzing IBTrACS data from 1900 to 2023, using hexagonal tessella-
tions which are particularly well-suited for spatial analysis of tropical
cyclone data (Elsner et al., 2012). Indeed, a hexagonal mesh is more
adequate than a traditional square grid because hexagons minimize edge
effects and spatial bias due to their uniform adjacency and isotropic
geometry (Elsner et al., 2012). We tested various hexagonal mesh ap-
ertures ranging from 0.5° to 6° to identify the most appropriate spatial
scale, extracting the maximum sustained wind speed from both STC and
IBTrACS events for each grid cell. Through this analysis, we determined
that 5° represented the optimal sampling size, providing adequate data
coverage while maintaining sufficient spatial resolution.

Following established statistical practices for extreme value analysis
(Coles et al., 2001), we implemented a minimum threshold of 30 m/s
wind speed values per cell, with each tropical cyclone contributing only
one value per cell to avoid spatial autocorrelation. We classified cells
based on their data reliability, categorizing as “unreliable” those cells
with less than 30 m/s wind speed values or located entirely north of 40°
latitude due to limitations in STC downscaling methods at higher lati-
tudes (Bloemendaal et al., 2020a). All other cells were considered
candidate-reliable and were further classified based on the coefficient of
variation (CV) of maximum wind speeds, calculated as the standard
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deviation divided by mean. The CV basically represents the spread
relative to the average value, where larger values in our case will typi-
cally indicate greater wind speed variability and may suggest either
genuine climatic variability or data quality issues (Wilks, 2019). For the
cells meeting the criteria to be candidate-reliable, we calculated the CV
in each cell j as follows:
cv =3

Hj

(2)

where o; and y; are, respectively, the mean and standard deviation of the
maximum sustained-wind speeds recorded in that cell. Treating the set
{CV;} across all candidate-reliable cells as a sample, we calculated its
mean CV and standard deviation S.,. Cells were then categorised as
follows:

- Reliable if CV; < CV+ 0.5S,,
- Rather reliable if CV+ 0.55., < CV; < CV+ S,
- Less reliable if CV; > CV+ S,

This two-stage approach ensured that our spatial analysis empha-
sizes grid cells with both adequate sample size and typical within-cell
variability, while flagging areas where unusually large dispersion may
reflect either genuine climatic heterogeneity or data-quality limitations,
thereby providing a robust foundation for comparing historical and
synthetic tropical cyclone databases.

TC events in each cell were created in the R programming language
(R Core Team, 2022) using the sf R-package (Pebesma, 2018). Subse-
quently, the numbers of IBTrACS TCs and STCs in each category were
counted using the thresholds from the Saffir-Simpson Hurricane Wind
Scale. In the next step, sf was used with dplyr R-package (Wickham et al.,
2023) for sampling TCs per hexagon. The values of the number of
tropical storms and hurricanes per cell were adjusted using the rela-
tionship between the average annual total number of STC and the actual
IBTrACS year frequency (12.73) for 1950-2023. The mean translation
speed and the maximum sustained wind speed were extracted for each
cell. The translation speed was calculated by considering a straight line
between the TC position records (Kossin, 2018), which might have
underestimated the actual values. TC datasets’ time step varies: IBTrACS
provides data at 3-hour intervals, whereas STC datasets typically use
1-2-h intervals. While this could theoretically introduce differences in
derived quantities (e.g., translation speed or residence time), we chose
not to interpolate STC trajectories to match the 3-h resolution of
IBTrACS. Interpolation could introduce artificial values or smooth key
features of the trajectory, and given the size of our spatial grid (5°
aperture), we expect any discrepancy due to time-step differences to
have a negligible effect on the aggregated metrics. In addition, to avoid
redundancy in counting tropical cyclone (TC) entries into grid cells, we
applied a consistent rule: each TC was counted once per cell, regardless
of how many times it re-enters that cell. This ensures no double-counting
of storm occurrences. However, for metrics such as maximum wind
speed, translation speed, and residence time, all valid trajectory seg-
ments are considered in every cell they pass through. Thus, a storm
contributes to the statistics of each cell it traverses, as appropriate, but
without duplication of storm counts.

A comparison between each synthetic TC database and recorded data
was performed on two scales. First, we recorded the number of events
for the basin in the study area as determined by the minimum sustained
wind thresholds for each category on the Saffir-Simpson scale. The
percentages of systems in each category were calculated considering the
lifetime maximum intensity (LMI) in the basin.

Subsequently, a spatial analysis was conducted. The effectiveness of
each STC generation method in recreating tropical cyclone conditions
was spatially compared by computing the Mean Standard Error (MSE)
between the values corresponding to the IBTrACS and those represent-
ing each model at the level of each hexagonal cell (3).
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Sona (Vo — Vsy)?
n

MSE = 3

where Vo, is a value from the observed data at hexagon n, and Vs, is the
value from the simulated data.

We also calculated the modified Kling-Gupta Efficiency (KGE’) index
(4) (Gupta et al., 2009; Kling et al., 2012). The KGE’ metric, originally
developed for hydrological model validation, has also proven effective
in climatology (Centella-Artola et al., 2020) and in flood-impact studies.
For instance, Konduru et al. (2023) used KGE’ to assess the accuracy of
hydrological simulations and rainfall forecasts during the 2015 Chennai
flood, demonstrating the metric’s utility in evaluating extreme weather-
related processes.

KGE =1-/(r—17 + (@~ 17 + (5 1) @

where:
r is the Pearson correlation coefficient between IBTrACS and STCs.
a is a term representing the differences of the standardized vari-
ability between two datasets (5),

a=2xte (5)
Hs o
U is the mean of the simulated values.
U, is the mean of the observed values.
o, is the standard deviation of the simulated values.
0, is the standard deviation of the observed values.
B is a ratio of the STC and IBTrACS mean values (6)

p=te ®)

Ho

In other words, KGE’ comprehensively considers the discrepancies in
the mean, variability, and spatial pattern between STC and IBTrACS.
KGE’ was applied to the maximum wind speed, translation speed, and
frequency and residence time of tropical storms and hurricanes, which
are important variables for characterizing TC hazards (Kantha, 2006;
Sobel et al., 2021). A low MSE and a KGE’ index closer to 1 identify a
better fit of the model to the measured data.

We also calculated the hexagonal mean values from the GCM-derived
STC and the ensemble of those databases. The use of ensembles in
climate models allows for the provision of a measure of uncertainty and
compensates for model biases for improved fitting to measured values
(Camargo and Wing, 2016). This database was subsequently evaluated
using the MSE and KGE’ index calculations. For the CHAZ data we
computed the KGE” and MSE of each member and ensemble, averaging
the statistics and the spatial values for mapping. In order to obtain the
MSE and KGE’ 95 % confidence intervals, we applied 1000-iterations
bootstraps with replacement (Efron, 1979; Efron and Tibshirani,
1994), these bootstraps were done with aleatory sampling of the hex-
agonal cells metrics.

Moreover, to ensure comparability across datasets with different
track counts and evaluate the sensitivity of the analysis to the larger
number of STC tracks compared to IBTrACS, we performed a bootstrap
analysis with 1000 resamples of size N, where N = 942 corresponds to
the number of tracks in IBTrACS (dataset with the minimum number of
tracks). The selections of the sampled TCs were done without replace-
ment, and for each iteration, we computed (1) percentage of tropical
storms and hurricanes categories, (2) tropical cyclones spatially aggre-
gated metrics, (3) Kling-Gupta Efficiency (KGE’), and (4) mean squared
error (MSE) between synthetic and historical tracks. The median and 95
% confidence intervals of these metrics were then derived over 1000
iterations, providing robust, sample-size-controlled performance
estimates.

Finally, to detect the spatial bias linked to STC generation methods,
we created maps to elucidate the spatial variation of differences between
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IBTrACS and STC for the dataset with a higher fit to actual data.

Taking advantage of the fact that this study includes two datasets of
STCs based on ERA5, generated through different methodologies, we
constructed seeding density maps for both CHAZ-ERA5 and MIT-ERA5S
and computed spatial statistical significance using a Poisson test,
applied to 5° hexagonal mesh cells and considering the 5th-95th
quantiles of the historical genesis count (Supplementary Fig. S1). This
complementary analysis may help elucidate differences in the outcomes
of the evaluations.

3. Results and discussion

The section compares observational tropical cyclone data and syn-
thetic datasets derived from statistical models, reanalysis, and GCMs. It
evaluates the performance of these datasets across various metrics,
focusing on maximum sustained wind speeds, storm intensity distribu-
tions, and area-integrated metrics like MSE and KGE’. It also discusses
regional differences in model performance and highlights the com-
plexities of tropical cyclone modeling.

3.1. Comparison of maximum sustained wind speeds and intensity
distribution

As a first approach, we compared observational data from IBTrACS
with synthetic datasets from statistical models (Deltares and STORM),
synthetic datasets from statistical-dynamical models based on reanalysis
data (CHAZ downscaled from ERA5, and the MIT runs downscaled from
NCEP, MERRA2, ERA5, and CERA20C), and MIT synthetic datasets
downscaled from GCMs. The information spans from 1950 to 2023, with
individual databases covering various time frames within this range
(Fig. 2, Table S1). We decided to use this timeframe based on a sensi-
tivity analysis of assessing each STC database period of IBTrACS to the
selected period, finding that the KGE’ differences were not significant
(not shown). Maintaining the selected period for all databases ensures
all STC are compared to the same database.

The historical IBTrACS data provides the baseline for comparing
tropical cyclone intensities, showing a maximum wind speed of 84.88
m-s~!, while synthetic databases range from 77.61 to 117.38 m-s L.
According to IBTrACS, approximately half of all storms maintain trop-
ical storm intensity, with decreasing frequencies for higher categories.
This observed pattern serves as a reference point for evaluating synthetic
databases.

The statistically derived models STORM and Deltares demonstrate
different approaches to representing intensity distributions. Since they
are derived directly from IBTrACS data, their maximum values remain
close to the IBTrACS observations, with Deltares providing results that
are more consistent with IBTrACS. The differences between these
datasets highlight how different resampling methodologies and as-
sumptions can produce varying statistics even when sampling from the
same historical data. The potential impact of different resampling
methodologies results in synthetic TCs with different statistics despite
being sampled from the same IBTrACS.

Reanalysis-derived products show distinctive characteristics in their
representation of tropical cyclones. These datasets generally maintain
more realistic proportions of intense hurricanes than GCM-derived
products, though they produce higher maximum intensities than his-
torical data. The reanalysis products show relatively consistent
maximum intensities, clustering around 105-117 ms~'. STCs databases
from reanalysis stand out with the highest maximum wind speed,
significantly higher than the historical observations from IBTrACS and
other STCs. MIT-ERA and CHAZ-ERA demonstrate the highest values,
117.38 and 116.76 m-s'" respectively, with a 95 % confidence interval
of 3.9. Most synthetic databases show lower percentages of tropical
storms and higher percentages of intense hurricanes. However, CHAZ
data shows distributions more similar to IBTrACS, with approximately
50 % of tropical storms aligning more closely with the historical
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Fig. 2. Maximum sustained wind speed and proportion of TCs per Saffir-Simpson

interval based on a bootstrap analysis of 1000 resamples.

observations. CHAZ, downscaled from ERA5, exhibits unique charac-
teristics with very high maximum intensity due to the stochastic design
of the intensity component of the model. This design allows it to get the
highest possible intensity of each track at each time, increasing the
likelihood of obtaining particularly high wind speed values. The model,
however, shows lower proportions of intense hurricanes. Regarding
MIT-reanalysis, the great number of events per database relative to
GCMs also increases the likelihood of obtaining high wind speed values.
The differences may be related to observational sample errors, imperfect
reanalysis data, and imperfect physical assumptions in the downscaling
models.

GCM-derived results present the widest variation in tropical cyclone
representation. GCMs show wide variation in their representation of TC
intensities; when downscaled from some GCMs (like MIT-ECEARTH and
MIT-IPSL), MIT models struggle to produce very intense hurricanes and
generally overestimate the proportion of tropical storms while under-
estimating intense hurricanes. Among the GCM-derived MIT STCs (MIT-
CESM, MIT-CNRM, MIT-ECEARTH, MIT-HADGEM, MIT-IPSL, MIT-
MIROC, MIT-MPI, and MIT-UKESM), there is substantial variation in
maximum intensities, ranging from 77.61 m-s ! (MIT-ECEARTH) to
111.67 m-s~' (HADGEM). Most GCM-derived events demonstrated
significantly lower percentages of tropical-storm-force occurrences,
with MIT-ECEARTH and MIT-UKESM being exceptions. Additionally,
MIT-UKESM, MIT-ECEARTH, MIT-IPSL events exhibited substantially
lower percentages of Category 5 events, while MIT-CESM and MIT-MPI
show an overestimation. The over- and underestimation in GCM-derived
MIT STCs are related to GCMs biases (Camargo et al., 2025), as they all
use the MIT model that can generate STCs with intensity distributions
similar to IBTrACS. For instance, some GCMs over(under)estimate the
wind shear in the Main Development Region (Camargo, 2013).

The variation in GCMs maximum wind speeds suggests differences in
the TC-relevant large-scale conditions in the GCMs used for downscaling
in the MIT model and underscores the uncertainty of modeling tropical

scale category across the North Atlantic basin, showing the 95 % confidence

cyclone intensities in GCMs. The discrepancies among historical records
and synthetic databases suggest that different methodologies and data
sources can lead to significantly different representations of extreme
storm events. STC events from reanalysis and some GCMs frequently
report extremely high wind speeds, which is why 99 %-ile is used for risk
studies (Appendini et al., 2017). GCMs have a large range in maximum
wind speed as they are free-running models (Zarzycki, 2022), meaning
that these models are not constrained by external data to guide the
evolution of the TC-relevant large-scale fields as they do in reanalysis.
Thus, they are free to run based on their own internal physics. The
differences in the basin-wide maximum intensity among the four models
are consistent with Meiler et al. (2022), who state that the probability of
the costliest events is sensitive to the model choice. These findings
emphasize the importance of using multiple data sources and ap-
proaches when studying tropical cyclone characteristics. However,
multiple-model approaches will not address uncertainties associated
with model biases, such as the cold tongue biases in the tropical Pacific
(e.g., Seager et al., 2019, 2022; Sobel et al., 2023) and uncertainties due
to scientific limitation, such as the lack of genesis theory (Lee et al.,
2020, 2023; Sobel et al., 2021). The differences between CHAZ and MIT
events derived from ERAS5 show the differences between two TC
downscaling models despite being downscaled from the same reanalysis
data. Supplementary Fig. S1 shows genesis density for CHAZ-ERAS and
MIT-ERAS5. CHAZ presents significant hotspots north of Panama and
near Europe (outside the 5th-95th Poisson bounds of IBTrACS), whereas
MIT’s genesis is more evenly distributed, with only an excess north of
Cuba-Hispaniola and in the Lesser Antilles. These differences stem from
their seeding frameworks, where CHAZ draws seeds in proportion to the
Tropical-Cyclone Genesis Index (TCGI) and accepts those that reach 34
kt within five days, whereas MIT seeds uniformly over ocean and retains
only disturbances that exceed 40 kt. The Panama hotspot in CHAZ may
also relate to how CHAZ handles TCs across/over small land areas. Thus,
even with the same reanalysis forcing, deterministic downscaling
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schemes can produce markedly different storm populations, leaving
extreme-event estimates strongly model-dependent. It is also relevant to
notice the disparities with GCM-derived events is particularly relevant,
underscoring the limitations of assessing potential changes in a warming
climate.

The contrast between deterministic and statistical frameworks is
crucial when evaluating basin-wide maxima. All MIT datasets are
deterministic; because their intensities are generated dynamically, they
are free to exceed the historical peak, especially when thousands of
storms are simulated. While CHAZ is a statistical-dynamical down-
scaling model, the wind intensity is derived from an autoregressive
model with a stochastic term. Conversely, STORM and Deltares are
based on the historical record and therefore remain constrained by the
historical record. It is noteworthy that two GCM-derived datasets (MIT-
UKESM and MIT-IPSL) match the historical maximum, while the MIT-
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ECEARTH yields an even lower value. In the case of deterministic
events underestimating the maximum wind speeds, particularly in large
datasets, the downscaling technique is limited from the parent GCM
fields, such as excessive vertical wind shear in the Main Development
Region (Camargo, 2013), rather than from the downscaling procedure
itself. Accordingly, a systematic upward shift in maximum winds within
deterministic, reanalysis-based catalogues should not be viewed as poor
adjustment but as the natural consequence of (i) larger effective sample
size and (ii) freedom from the cap imposed by the short observational
record, not as poor model performance.

3.2. Evaluation of model performance on area-integrated metrics

The maps in Fig. 3 and Fig. 4 present the spatial statistics from the
IBTrACS data we used for the model assessment. Each hexagon

43 (' s
Maximum wind speed (m.s™),,
Il 03-20[  ]s01-60 '

I 20.1-30 [0 60.1-70 \;Ig
I 0.1 - 40 [ 70.1-80 ::
[0 40.1- 50 [N 0.1 - 84.9 $05es

60°N

35°N
1

10°N

1
I L 7
P4
£4 b) s -
© | Average translation speed (km.h?
B co1-768[  251-30 %
B s01-60 [0 20.1-253% 7
I 40.1-50 [ 15.1-20 :: .:’
[ J301-40 [ 121-15
S
pd
‘l’n-
[S]
Zz
09-

Fig. 3. Spatial historical values of a) maximum wind speed and b) average translation velocity. No hatch: reliable cell; single white hatch: rather reliable cell; double

white hatch: low reliable cell; crossed white hatch: not reliable.
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represents a spatially aggregated metric (e.g., annual storm frequency)
computed over a uniform grid. Please note that the figures we show are
the most relevant for the discussion in the text, nonetheless, we are
showing the maps for all variables and models in the supplementary
information: https://observatoriocostero.lipc.unam.mx/supmat_maps.
php. The data presented in these maps (Figs. 3 and 4) -maximum
wind speed per cell, average translational speed, annual frequency of
occurrence of storm wind or greater, residence time of trajectory with
storm wind or greater— constitute the historical reference against which
the STC databases were compared for the evaluation of their adjustment
using MSE and KGE’, or for the identification of regional biases (Section
3.3).

The MSE value ranges are specific for each variable (Fig. 5, Table S2),
whereas KGE’s values are more standardized (Fig. 5, Table S3), making
them easier to compare for different models. The KGE’ offers a more
interpretable performance metric, allowing an overall estimation and

comparison between variables. In contrast, MSE provides error values
that are less challenging to interpret because they are expressed in the
variable unit. The bootstrap analysis to derive the confidence intervals
demonstrates that the spatial analysis and its metrics are robust. Spe-
cifically, the confidence intervals associated with good values of KGE’ or
MSE are relatively narrow.

3.2.1. MSE analysis

Fig 5 (Table S2) shows the performance of various models for rep-
resenting the spatial patterns of tropical cyclone characteristics
compared to IBTrACS data based on MSE. Please note that this metric is
highly sensitive to outliers in the data.

In the MSE analysis, Deltares (7.23 m-s~1) and NCEP (3.78 km/h)
performed best in terms of maximum wind speed and translation ve-
locity, respectively. In contrast, the CHAZ (26.17 m-s~!, Confidence
Interval CI = + — 0.31) and STORM (7.31 km/h) showed the largest
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Fig. 5. MSE between the STC and IBTrACS analyzed variables, showing the 95 % confidence interval based on a bootstrap analysis of 1000 resamples.

deviations. The annual number of tropical storms (nTC) and hurricanes
(nH) showed relatively low variation, with the best-performing data-
bases, MIT-CESM (nTC = 0.3) and MERRA2 (nH = 0.12), which closely
matched historical data, whereas MIT-IPSL (nTC = 0.65) and MIT-MPI
(nH = 0.3) were notable outliers. Similarly, residence times for both
tropical storms (resTC) and hurricanes (resH) showed some consistency,
with MERRA2 (resTC = 4.72, resH = 2.57 h) having the lowest errors
and MIT-IPSL (resTC = 10.48) and MIT-MPI (resH = 5.59 h) having the
highest, indicating poor performance. MIT-MPI stands out as the most
divergent from the observed data in hurricane frequency and residence
time.

3.2.2. KGE’ analysis

Fig. 6 (Table S3) shows the performance of various models for rep-
resenting the spatial patterns of tropical cyclone characteristics
compared to IBTrACS data based on KGE’. Note that a KGE’ value of 1
means there is perfect agreement between simulations and observations

and value of 0 indicates that the model’s simulation performance is no
better than simply using the mean of the observed data as a prediction.

The results from the STORM and Deltares statistical models exhibit
notable differences in their performance. Deltares performed better in
fitting the maximum wind speed, TC number, and residence time. This
disparity highlights the necessity of carefully choosing models based on
the specific TC parameters being studied. As observed by Camargo and
Wing (2016), although statistical models can provide valuable insights
into TC behavior, their effectiveness may vary considerably depending
on the chosen parameters and analytical approaches.

STC downscaled databases from MIT reanalysis models, including
CERA20c, ERA5, MERRA2, and NCEP, exhibited robust overall effec-
tiveness in reproducing most variables associated with tropical cyclones.
Their ability to capture the maximum wind speed and translation speed
is particularly noteworthy, with KGE’ values often exceeding 0.8,
particularly for MERRA2. This is consistent with the findings of
Thompson et al. (2024), who highlighted that reanalysis datasets have
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Fig. 6. KGE’ index between the STC and IBTrACS analyzed variables, showing the 95 % confidence interval based on a bootstrap analysis of 1000 resamples.

become increasingly important for studying tropical cyclone clima-
tology and variability. However, it is crucial to recognize that while
synthetic events are generated from reanalysis data, they are distinct
from the actual storms represented in the reanalysis that Thompson et al.
(2024) refers to. They also noted that these datasets offer a better view of
tropical cyclone activity than the observational datasets alone. This
suggests that the precision of events derived from reanalysis is linked to
how accurately the reanalysis captures the general environmental con-
ditions conducive to tropical cyclone formation. However, CHAZ’s
maximum wind speed performance (KGE’ = 0.25 and CI = + — 0.02)
ensemble has a lower score compared to those derived from MIT-
reanalysis STCs due to the presence of elevated maximum velocities in
zones with habitually low categories hurricanes or tropical storms,
adversely affecting the correlation term r and the variability a of the
KGE. The maximum wind speed >100 m.s~! shown in Fig. 1 also im-
pacts the term and the MSE (Fig. 5).

Events derived from GCMs demonstrate diverse performance

outcomes. They typically excel in depicting translation speed, but their
accuracy in capturing maximum wind speed, TC, or hurricane number
often falls short compared with events derived from reanalysis. This
discrepancy underscores the ongoing challenges in modeling tropical
cyclone intensity, as highlighted by Sugi et al. (2017) when identifying a
latitudinal bias. Combining multiple GCMs in an ensemble approach
(Scafetta, 2023) shows potential for addressing individual model
shortcomings, particularly in terms of storm and hurricane frequencies
and residence times. This method enables the use of GCMs in ensembles
to evaluate future climatic scenarios; indeed, the GCM ensemble out-
performs individual models for translation velocity, TC number, and
residence time. Notably, GCM STC datasets, unlike reanalysis or statis-
tical models, do not aim to describe the present but to establish a
baseline for evaluating climate change.

The analysis revealed that no single model or model type consistently
outperformed the others for all tropical cyclone variables. These findings
confirm that the dynamics of tropical cyclones and their interactions

10
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with the broader environment (Lin et al., 2020; Meiler et al., 2022; Singh
and Roxy, 2022) make it difficult to develop a single model that fully
captures every aspect of these storms (Malakar et al., 2020), with sig-
nificant differences in the results between models and methods (Knutson
et al., 2020; Meiler et al., 2023).

The general high performance in translation speed for most models is
encouraging, as it suggests a good understanding of the large-scale at-
mospheric patterns that govern tropical cyclone movements. However,
the variability in performance for the maximum wind speed in rean-
alysis and GCM-derived STC indicates that further research is required in
the downscaling techniques to represent cyclone intensity accurately.
This is consistent with the authors who observed that despite notable
advances in modeling tropical cyclones, accurately representing storm
intensity continues to be a significant challenge for the present and
concerning climate change projections (Roberts et al., 2020; Sobel et al.,
2023). However, broad environmental conditions are utilized when
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deriving synthetic events from GCMs, so the findings reflect issues
related to large-scale fields rather than the model’s ability to generate
tropical cyclones through its resolution and physics.

Comparing Fig. 5 and Fig. 6, the trend in model rankings remains
similar, suggesting that models performing well under one metric tend
to perform relatively well under another, albeit with different perfor-
mance scales. Notable differences between metrics exist for MIT-
ECEARTH and CHAZ, which have low MSE but poor KGE’ for the
maximum wind speed and TC residence time, respectively. Conversely,
MERRA2 and MIT-MIROC have high MSE but good KGE’ for the
maximum wind speed and translational velocity, respectively.

Regarding the percentages of cyclones by category, the bootstrap
analysis with replacement confirms a relative stability in the STC data,
with narrow confidence intervals (Fig. 2). For the same analogous
analysis using the bootstrap with a reduced number of events and
without replacement we obtained similar results (Fig. S2). While the
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Fig. 7. Spatial differences between the best-scored STC dataset and IBTrACS for maximum wind speed. No hatch: reliable cell; single white hatch: rather reliable cell;

double white hatch: low reliable cell; crossed white hatch: not reliable.
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MSE and KGE’ results from the bootstrap analysis with replacement
have been already described, the analysis of MSE and KGE’ using
bootstrap without replacement (Figs. S3 and S4) reveal that model
rankings shift when all datasets are compared using equal-sized samples
(942), a relatively small number. Notably, MIT-GCMs exhibit high MSE
values and very low, sometimes even negative, KGE’ scores, indicative
of poor model performance and limited agreement with observed data.
The relative stability observed in reanalysis-based STCs compared to
those derived from GCMs does not undermine the study’s findings;
rather, it highlights the importance of having a large number of STC
events, particularly for GCM-derived data, which show greater vari-
ability due to systematic biases in GCMs. This result further supports the
use of ensemble approaches to help address such variability.

Atmospheric Research 327 (2026) 108404
3.3. Evaluation of model performance on regional scale

The maps with the spatial differences for the best evaluated STC
datasets, based on MSE and KGE’ results (Figs. 5 and 6) follow (Fig. 7 to
Fig. 10). These spatial differences represent the subtraction between the
metrics of the studied variables at each hexagon level for IBTrACS and
the same metrics for each STC database. The spatial difference maps for
all datasets are shown in the supplementary information found at htt
ps://observatoriocostero.lipc.unam.mx/supmat_maps.php.

3.3.1. Maximum sustained wind speed

While Fig. 3a shows the maximum sustained wind speeds for
IBTrACS in each hexagonal cell; its differences with Deltares and MIT-
UKESM GCM derived events are shown in Fig. 7, as these are the best
evaluated models. Maps for the other datasets are presented as
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Fig. 8. Spatial differences between the best-scored STC dataset and IBTrACS data for translation speed. No hatch: reliable cell; single white hatch: rather reliable cell;

double white hatch: low reliable cell; crossed white hatch: not reliable.
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supplementary materials. Generally, wind speeds in Deltares events are
slightly overestimated over most oceanic areas and have a high over-
estimation over land, up to +25 m-s~ ! in hexagons with some reliability.
For the MIT-UKESM events, there was a wider regional bias, with an area
having underestimated velocities (<—10 m-s~1) in the central tropical
Atlantic and a larger with overestimations (> +10 m~s’1) in the
temperate zone. It should be noted that because of the higher number of
events, the probability of obtaining higher velocities for STC than for
IBTrACS increases; therefore, underestimations of this variable reveal
difficulties in describing actual conditions. Nonetheless, the validation
paradox indicates that a higher probability of stronger winds is accurate,
but insufficient historical data exists to validate such information.

3.3.2. Translational velocities
The STC databases that best describe the spatial variation of the
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mean translational velocities are those derived from Deltares and NCEP
reanalysis. Both datasets show similar regional biases (Fig. 8). Over-
estimations of translation velocity are present for the Caribbean, the
Gulf of Mexico, and the continental USA. Both models show un-
derestimations in the northeastern United States and eastern equatorial
Atlantic. Regional differences can be found around the Azores, where
Deltares underestimates the translation velocity, and NCEP over-
estimates relative to IBTrACS (Fig. 3b).

3.3.3. Tropical storm occurrences

The differences in tropical storms calibrated annual frequency
(Fig. 9) relative to IBTrACS (Fig. 4a) also exhibited strong regional
biases, with underestimations along the eastern coast of the United
States, with values below —0.5 events/year for MERRA2. Minor un-
derestimations were also observed for MIT-CESM. The main difference
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Fig. 9. Spatial differences between the best-scoring STC dataset and IBTrACS data for annual tropical storm occurrence. No hatch: reliable cell; single white hatch:
rather reliable cell; double white hatch: low reliable cell; crossed white hatch: not reliable.
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between the results from MERRA2 and MIT-CESM is that MERRA2 un-
derestimates in the southeastern region of the North Atlantic and
overestimates in the northern region. At the same time, this situation is
reversed for MIT-CESM. For the reanalysis, the overestimation region
was considerably broader, and generally located over the Gulf of
Mexico, the Caribbean, and parts of the western and central Atlantic,
with values exceeding +0.75 in the west Caribbean Sea for MERRA2 and
in the zone offshore Texas for MIT-CESM. The presence of regional bias
is consistent with the results of Strazzo et al. (2013). However, the re-
gions differed because they used CMIP5 with GFDL and COAPS GCMs.
Also, we can note that the regions with greater overestimations are re-
ported for hexagonal cells with poor reliability. However, it is important
to be cautious in considering this area as low reliability. In this sector,
well-developed TC trajectories occur but there is also the formation of
TCs. This contributes to a high natural variability in historical maximum
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wind speeds, which does not necessarily imply poor data quality.
Actually, southern Florida and Cuba are regions where consistent and
reliable reports have been documented.

3.3.4. Tropical storm residence time

STC based on reanalysis data exhibited superior performance in
estimating annual tropical storm residence times compared with GCMs
and statistically derived STC datasets, yielding the highest KGE or lowest
MSE values. Also, in this case, the GCM ensemble outperformed every
single model. Indeed, the spatial patterns of the differences are very
similar among the presented datasets (MERRA2 and GCMs Ensemble)
(Fig. 10), showing significant overestimations over the Antilles and
Bermuda, as well as underestimations in the Central Atlantic and near
the U.S. coast north of Florida.
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Fig. 10. Spatial differences between the best-scoring STC dataset and IBTrACS data for tropical storm residence time. No hatch: reliable cell; single white hatch:
rather reliable cell; double white hatch: low reliable cell; crossed white hatch: not reliable.
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3.4. General discussion

Discrepancies between STC datasets and IBTrACS arise from various
factors, reflecting the complexities of modeling TCs and the inherent
limitations of both datasets. STC models rely on assumptions and sim-
plifications, such as uniform environmental conditions or generalized
relationships between climate variables and cyclone behavior. These
assumptions can lead to inaccuracies when actual atmospheric and
oceanic conditions deviate from the models’ assumptions. Simplified
representations of physical processes like cloud formation, convection,
and wind-field structures in the models further contribute to deviations
from historical records.

STC datasets are typically generated under a broader range of hy-
pothetical climatic conditions compared to the observed IBTrACS
dataset, which reflects actual conditions. Variability in critical factors
such as sea surface temperature, atmospheric pressure, and wind pat-
terns at the time of cyclone formation significantly affect cyclone
behavior. Even slight differences in initial conditions can lead to sig-
nificant variations in the cyclone intensity, track, and duration, resulting
in substantial divergences between STC and IBTrACS datasets.

Another key factor influencing discrepancies is the reliance of STC
models on GCM outputs to simulate large-scale climatic conditions
(Knutson et al., 2020). However, GCMs often exhibit biases, particularly
in tropical regions. For example, overestimations or underestimations of
sea surface temperatures, wind shear, and humidity levels, critical ele-
ments for TC formation and intensification, can propagate into STC
datasets, introducing systematic errors when compared to IBTrACS.
Additionally, GCM-derived STC events often display a wider range of
intensities than historical records due to the extended temporal and
hypothetical scope of the models, which increases the likelihood of
generating extreme events.

The disparity in spatial and temporal resolutions between STC and
IBTTACS datasets also contributes to observed differences. IBTrACS re-
cords, particularly from the pre-satellite era, often lack the resolution
needed to fully capture cyclone lifecycles and intensities. In contrast,
STC models typically produce high-resolution data, potentially
capturing more detailed cyclone characteristics. However, this increased
resolution can also introduce discrepancies, as finer details in STC data
may need to align with coarser historical records. Furthermore, the
nonlinear processes governing storm intensification, such as feedback
mechanisms between atmospheric and oceanic systems, pose challenges
for STC models, particularly for extreme events with wind speeds
exceeding 100 ms~! (Fig. 2, Table S1). While these extreme events may
appear overrepresented in synthetic datasets, the validation paradox
complicates determining their accuracy due to the limitations of his-
torical observational data and the premise that STCs are designed to
cover more extended periods or more scenarios. We could argue that
STCs include events that have not occurred historically but are theo-
retically possible under current or future climate conditions (Lin and
Emanuel, 2016). Including these hypothetical events can cause STC
datasets to show higher frequencies or intensities of higher category
events than those recorded in the historical data.

Human-mediated processes also influence IBTrACS data, which ag-
gregates information from diverse sources such as ship reports, aircraft
reconnaissance, satellite observations, and land-based weather stations
(Emanuel, 2021b). Each observation type has limitations and potential
for error. For example, early historical records may lack precision owing
to less advanced technology, leading to the underestimation of storm
intensity or incomplete track records (Vecchi and Knutson, 2008). In
contrast, STC models use consistent methodologies, which might lead to
more consistent but potentially less accurate representations of specific
cyclone characteristics compared to more heterogeneous IBTrACS data.
We might also mention that historical records, even if they were free of
error, may no longer be a perfect guide to the present because of climate
change that has already occurred (Thompson and Kuo, 2012).

The findings from the assessment of STC databases have several
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implications for policy decisions related to climate adaptation and
disaster risk reduction. Understanding the biases and performances of
these synthetic models is critical for shaping effective strategies in these
areas. Studies have shown that certain models may overestimate or
underestimate storm intensity in specific regions (Hodges et al., 2017).
This information is critical for tailoring climate adaptation strategies to
meet the regional needs. For instance, areas where models tend to un-
derestimate storm intensity might require more conservative building
codes. At the same time, regions with overestimation may focus on
improving the precision of local climate models. Accurate modeling of
TCs can inform the design of resilient infrastructures. By understanding
where synthetic models align with historical data and where they
diverge, policymakers can prioritize investments in areas most vulner-
able to model inaccuracies, ensuring that infrastructure is built to
withstand realistic worst-case scenarios.

The biases identified in different synthetic models can guide risk
assessment processes concerning disaster risk reduction. For example, if
a model consistently overestimates wind speeds in a particular area, it
could lead to inflated risk assessments unless corrected. Policymakers
can adjust their risk management strategies to account for these biases
and improve resource allocation for disaster preparedness and response.

Insurance companies also rely on accurate risk assessments to set
premiums and reserves (Raible et al., 2012). The findings of this study
on model performance could influence how insurers calculate the risks
associated with TCs, potentially leading to more equitable and accurate
insurance pricing. Additionally, governments can use this for economic
planning, especially in sectors such as agriculture and real estate, which
are highly vulnerable to storm impact.

The validation paradox has implications for confidence in local-scale
risk projections, as demonstrated by the high variability observed in our
bootstrap analysis with N = 942 tracks. When synthetic datasets are
resampled to match the limited size of historical records, model rankings
shift substantially, and GCM-derived datasets exhibit particularly high
MSE values and very low, sometimes negative, KGE’ scores. This vari-
ability underscores a challenge: while STC models are designed to
overcome data scarcity by generating thousands of events, the valida-
tion process itself is constrained by the same limited historical record
that necessitated synthetic data in the first place. Moreover, the different
seeding frameworks employed by various models introduce significant
spatial biases that further complicate local validation. For instance,
CHAZ draws seeds in proportion to the Tropical Cyclone Genesis Index
and shows significant genesis hotspots north of Panama, whereas MIT
seeds randomly over the ocean, resulting in more evenly distributed
genesis patterns but with excess activity in the Antilles. These differ-
ences in spatial seeding strategies mean that even models using identical
reanalysis forcing can produce markedly different storm populations in
specific regions, making local-scale validation highly dependent on the
particular seeding approach adopted. Consequently, local risk assess-
ments based on STC data may carry significant uncertainty that cannot
be adequately quantified using traditional validation approaches, as the
spatial representation of storm activity is inherently model-dependent
regardless of the quality of the underlying climate data.

4. Conclusions

The evaluation of STC databases provides valuable information on
their effectiveness in replicating the critical IBTrACS parameters for risk
analysis. Our research, which includes various STC downscaled from
models such as GCMs, reanalysis datasets, and those from statistical
models, highlights both the advantages and limitations of these syn-
thetic methods.

Our findings indicate notable differences in the maximum wind
speeds and storm intensity distributions among the different models,
revealing ongoing challenges in accurately representing tropical cyclone
intensity. Considering the maximum wind speed, the statistically
derived STC, particularly Deltares, results in more accurate estimations
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than dynamically derived events, which is expected as they are derived
directly from historical events. Statistical models have shown potential
in specific areas but also exhibit explicit biases, particularly in the
spatial representation of storm characteristics. Downscaling of rean-
alysis models, particularly MERRA2 and NCEP, have shown better per-
formance in capturing translation speeds, TC frequency, and residence
times than other STC datasets. However, inconsistencies in storm in-
tensity distributions remain. STC downscaled of GCMs have demon-
strated high variability in their performance, excelling in some aspects
such as maximum wind speed (MIT-UKESM), translation speed, and
tropical storm residence time (GCMs ensemble) but struggling with
others such as hurricane residence time, reflecting the complexity of
tropical cyclone modeling. However, the use of the GCMs ensemble is
not well suited for maximum wind speed owing to the high extreme
speeds in the database. Nevertheless, it yielded good results for TC fre-
quency and residence time, demonstrating the usefulness of ensembles,
as they help reduce the biases inherent to each model (Aijaz et al., 2019).
It is relevant to note that even a hypothetically perfect downscaling
technique applied to an imperfect climate model will give biased results,
and a downscaling technique cannot compensate for what the GCM
lacks. A bias correction of the GCM fields input to the downscaling could
be implemented to compensate for their inaccuracies. Nonetheless,
when downscaling reanalysis, most TC climatology errors are due to the
downscaling technique, which still requires research and development.
No single model or model type consistently outperformed the others for
all tropical cyclone variables, highlighting the necessity of using a
multimodel approach for thorough risk assessments.

These findings have important implications for climate science and
hazard assessments. Although STC databases can extend limited his-
torical records, their use should be approached cautiously, especially in
areas or for variables where substantial model inaccuracies exist. The
variability in model performance for different tropical cyclone charac-
teristics emphasizes the need to choose appropriate models based on
specific parameters of interest in risk assessments. The ongoing diffi-
culties in accurately modeling tropical cyclone intensity, particularly for
extreme events, point to a critical area for future research and model
improvement. The success of ensemble approaches in addressing indi-
vidual model weaknesses suggests that future risk assessments should
integrate multiple model types to achieve more robust results.

In conclusion, this study highlights the complexity of tropical
cyclone modeling and the need to refine our understanding and repre-
sentation of these powerful weather systems. As climate change con-
tinues to impact tropical cyclone behavior, accurate risk assessment and
climate projection modeling have become increasingly vital.

We recommend the following steps: refining STC generation methods
with a focus on improving cyclone intensity representation when
downscaling from GCMs; developing innovative approaches to combine
the strengths of different model types; investigating sources of spatial
biases in STC models to improve their reliability for localized risk
assessments.

This study is intended as a diagnostic assessment of current STC track
datasets and does not produce operational risk projections or insurance-
grade hazard maps. Instead, by systematically evaluating model skill
and identifying regions of high uncertainty, our results highlight where
improvements in synthetic track generation (e.g., seeding strategy,
enhanced downscaling, bias correction, or parameter tuning) are most
needed. It is clear from our analysis that no single dataset is consistently
more appropriate than others, as their accuracy differs between vari-
ables and spatial locations. As such, professionals performing activities
such as coastal infrastructure planning, insurance modeling, and other
applications should be aware of these limitations and use the databases
accordingly, with ensemble approaches employed when possible. We
anticipate that climate risk modelers, insurers, and policymakers can use
these diagnostics to prioritize model development and data refinement
before translating STC outputs into actionable risk estimates. By
providing a critical evaluation of widely used STC datasets and
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identifying their strengths and weaknesses in replicating key storm
characteristics, these insights are essential for researchers and stake-
holders who rely on STC data for hazard assessment, insurance
modeling, and climate adaptation planning.
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