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Abstract. This study employs a 20-year, convection-permitting (CP) regional climate model, forced by ERAS reanalysis, to
assess the representation and climatology of tropical cyclones (TCs) over the North Atlantic. We demonstrate that, relative to
observations from Hurricane Database version 2 (HURDAT?2), the model better captures TC frequency, averaging 12.25 TCs
a year compared to 12.5 in HURDAT2 and 7.45 in ERAS5. The model also successfully resolves the upper tail of the observed
TC intensity distribution, while ERA5 only resolves TCs of Category 2 or lower intensity on the Saffir-Simpson scale. By
contrast, the model and ERA5 show comparable skill at resolving the overall distribution of TC central pressure, implying that
minimum central pressure may be a skillful predictor of TC intensity for coarser datasets. Spatially, the CP model exhibits
particular added value over data-sparse coastlines in Central America and the Caribbean, successfully resolving clusters of TC
track density that are missing in ERAS. Finally, a composite analysis of the 10 strongest TCs in each dataset, along with a case
study of Hurricane Isabel (2003), reveals that TCs in the CP model have realistic structural features of the TC inner core that
are not apparent in ERA5, including a more compact and intense radius of maximum wind. This is likely due to the CP model’s
enhanced capability to capture small-scale convection and storm structure. These improvements exemplify the represented CP
model’s efficacy for TC-induced local-scale hazard preparedness, and risk assessment of critical infrastructure, especially in

regions lacking existing high resolution climate data.

1 Introduction

North America experiences a plethora of extreme weather throughout the year, with tropical cyclones (TCs) being particularly

destructive due to their intense winds and heavy rainfall. Since their impacts are often localized, variations in land-use,
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topography and coastal geometry can further exacerbate damage. TCs can also cause inland flooding, tornadoes (Schultz and
Cecil, 2009; Franco-Diaz et al., 2019), and damage to offshore infrastructure (Worsnop et al., 2019; Hallowell et al., 2018).

Demand is therefore growing for detailed climate data able to accurately represent TC hazards at both synoptic and local scales.
Such datasets are essential for risk assessment of critical infrastructure and for local government assessments of resilience to
extreme weather. Limited computational resources, however, have restricted existing models — including global climate
models (GCMs) with grid spacing of 30-100 km (IPCC, 2021) and regional climate models (RCMs) with grid spacing of ~10
km (e.g., Jacob et al., 2014)—from producing datasets at spatial and temporal resolutions fine enough to assess local or regional
scale risks associated with extreme events. Due to their coarse grid spacing, these models rely on cumulus parameterization, a
key source of uncertainty in numerical weather prediction models. This approach limits their ability to resolve meso- to micro-
scale interactions critical for deep convection and creates complex nonlinear effects through interactions with other

parameterization schemes, leading to biases that hinder realistic representation of convective phenomena like TCs.

Global reanalysis data provides a valuable resource for studying long-term TC trends and validating GCMs (Stansfield et al.,
2020; Chand et al., 2022). These datasets combine observational data such as in-situ and satellite measurements with numerical
model output to provide global coverage of conditions affecting TC track, including climatological oscillations and steering
flows. They are also essential for supplementing inconsistencies in the observational record, which are particularly prevalent
during TC genesis and extratropical transition (Hodges et al., 2017; Schreck et al., 2014). Although these datasets typically
have higher spatial resolution than other GCMs, they are still too coarse to resolve deep convection and thus require cumulus
parameterization (Jones et. al., 2021; Murakami, 2014). Previous studies (e.g., Stansfield et al., 2020; Tu et al., 2022) found
that biases within reanalysis data are largest for the most intense TCs, resulting in a limited ability to capture realistic
distributions of TC intensity. These limitations and biases may propagate into misrepresentation of TC-induced catastrophes,
such as storm surge, flooding, and wind damages, which rely heavily on accurate TC intensity and structure.

A promising remedy for the deficient representation of TCs in reanalysis data involves utilizing convection-permitting (CP)
RCMs with a horizontal grid spacing of 4 km or less. In order to achieve such fine resolution over a large spatial coverage and
a long time span, these studies employ an approach known as dynamical downscaling, in which the relatively coarser reanalysis
or GCMs are used to force boundary conditions over a limited area with a much higher spatial resolution. By explicitly
resolving deep convection processes instead of relying on parameterization, these models show notable improvements (Prein
et al., 2015), especially for deep convection-induced heavy rainfall, high wind speeds, and other phenomena with high
spatiotemporal variability. Recent experiments at CP scales have also shown a better representation of TC dynamical and
thermodynamic features, particularly in the inner-eye wall — the region where the lowest pressure and strongest winds (and

thus the primary determinants of intensity) occur (Chen et al. 2007; Gentry and Lackmann, 2010; Hazelton et al., 2018; Kanada
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and Wada, 2016; Kanada et al., 2020). Additionally, higher horizontal resolution enhances the modeling of TC and post-TC
stages, such as extratropical transition (Jung and Lackmann, 2021, 2023; Liu et al., 2020).

With recent advancements in computational power and data storage, a number of decadal-scale CP RCM simulations have
emerged, particularly focused on the contiguous United States (CONUS; Akinsanola et al., 2024; Gensini et al., 2023; Liu et
al., 2017; Rasmussen et al. 2023). These simulations have demonstrated improvements in the representation of local-scale
convective weather with sufficient temporal extent to conduct climatological studies. However, studies utilizing these
simulations for decadal-scale climatologies have largely focused on land-based phenomena such as mesoscale convective
systems (Rasmussen et al., 2023; Wallace et al., 2025) and supercells (Zeeb et al., 2024), with TCs often overlooked due to
the large ocean domain needed to fully capture their lifecycle. Gutmann et al., (2018), to our knowledge, is the only study to
examine North Atlantic hurricanes using a CP grid within a single continental-scale domain over a decade, demonstrating that
these simulations could skillfully resolve TCs. However, their estimations of maximum wind speeds and minimum sea level
pressure (SLP) exhibited a weak bias relative to observations, partly due to the coarse (~79 km) ERA-Interim boundary
conditions advecting weak TCs into a limited ocean domain, reducing their opportunity for intensification before landfall.

More recent, multidecadal CP-scale simulations (e.g. Akinsanola et al., 2024; Gensini et al., 2023; Rasmussen et al., 2023)
have been forced by the European Centre for Medium-Range Weather Forecasting’s Reanalysis Version 5 (ERAS; Hersbach
et al., 2020). ERA5 has been shown to better represent TCs than the ERA-Interim dataset used to force HRCONUS, in part
due to its higher horizontal resolution (Belmonte Rivas and Stoffelen, 2019; Malakar et al., 2020). As a result, TCs advected
into their respective CP domains may be stronger and somewhat better defined. This may reduce the additional time needed
for TCs to strengthen and allow TCs to reach more realistic intensities before landfall or dissipation. However, to the authors’
best knowledge at the time of writing, the only CP-scale analyses of TCs forced by ERA5 employ event-based downscaling
for individual TCs or use nested domains over the ocean (e.g. Steptoe et al., 2021), which may introduce additional boundary
discontinuities that disrupt vertical motion at the interface between the convection-allowing inner domain and parameterized
outer domain. Furthermore, despite these improvements, we note that ERAS itself is still unable to produce TCs above
Category 2 intensity (Stansfield et al., 2022). This may suggest that in the model, advected disturbances entering through the

boundaries provided by ERA5 might necessitate a large ocean area to develop into strong TCs.

This study aims to evaluate North Atlantic TC climatology in one of these ERA5-forced multidecadal CP regional climate
simulations: the Argonne Downscaled Data Archive V2 (ADDA _v2; Akinsanola et al., 2024), which outputs hourly over a
uniform 4 km domain from 2001 to 2020. The ADDA_v2 domain spans the majority of North America and some of Central
America, including Mexico and the surrounding Caribbean islands, as well as a large amount of the Northeast Pacific and
Atlantic Ocean (Fig. 1). This domain is larger than other similar CP simulations (e.g. Gensini et al., 2023; Rasmussen et al.,
2023), particularly over the open North Atlantic Ocean, providing ample space for TCs entering the domain to intensify in a
CP configuration prior to interacting with the coast. Additionally, it covers regions that experience frequent TC landfalls and
3
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are characterized by complex terrain with high heterogeneity in land-use and topography (Leroux et al., 2018). These regions
often have high socioeconomic vulnerability to TC impacts yet have not previously been included in storm resolving
simulations, perhaps due to insufficient observational data. These regions include many Caribbean islands and regions along
the Gulf Coast of Central like Campeche and the Yucatan Peninsula (Dominguez et al., 2021; Hernandez Ayala et al., 2017;
Hernandez Ayala and Matayas, 2018; Hidalgo et al., 2020). Access to CP-scale simulations in these regions are particularly
important as the complex terrain and land-use can exacerbate TC impacts and increase uncertainty in risk assessment and
emergency planning (Farfan et al., 2014; Rey et al., 2019; Smith et al., 2005).

Through comparison with observations from the revised Atlantic Hurricane Database (HURDAT?Z; Landsea et al., 2013), we
investigate the ability of ADDA_v2 to simulate realistic TC climatology such as TC counts, intensity, and spatial distribution
using metrics such as accumulated cyclone energy (ACE) over the past two decades. We also analyze composites of the ten
strongest TCs simulated by ADDA v2 and ERA5 to examine the added value of CP, high resolution simulations in
representing TC structure. Additionally, through a case study of Hurricane Isabel (2003), we investigate the physical
mechanisms behind the improvement in storm-scale TC representation observed in ADDA_v2, as compared to both
observations and ERA5. While we do not expect ERAS5 to capture all hurricane categories accurately, we aim to provide a
comprehensive evaluation of its performance, identifying which categories pose challenges for ERA5 and determining the
specific variables where it struggles, as well as those where it continues to represent hurricanes reasonably well.

The manuscript continues as follows: the methodology, including model description, validational datasets, and analysis metrics
used in this study are outlined in Section 2, results of the model’s performance at replicating TC characteristics are presented

in Section 3, and a summary of our findings and avenues for future research are discussed in Section 4.

2 Methods
2.1 Model Description and Datasets

This study uses a continental-scale, CP regional climate model product (Akinsanola et al., 2024), developed using the Weather
Research and Forecasting Model (WRF), version 4.2.1, to simulate 20 years of historical climate. The product domain covers
8200 x 7000 km, with a 4 km grid spacing encompassing North America and parts of Central America, including Alaska and
Puerto Rico (Fig 1). Vertically, the simulation employs 50 unevenly spaced sigma levels, extending from the surface to 50
hPa, with 18 sigma levels concentrated below 1 km. Cumulus parameterization is excluded in favor of explicit convection.
Initial, surface, and lateral boundary conditions are all derived from ERA5 data for the period 2001-2020, updated every 6
hours. Details of the WRF model configuration, including physical schemes and parameterizations, are documented in
Akinsanola et al., (2024).

Evaluation of the ADDA_v2 and ERAS data against observations is conducted primarily using the HURDAT?2 database, which

provides TC best position, minimum SLP, maximum sustained wind speeds and translation speed at 6-hourly intervals for the
4
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entire study period (2001-2020). To examine storm structure for Hurricane Isabel (2003), we use the Tropical Cyclone Radar
Archive of Doppler Analyses with Recentering (TC-RADAR) dataset (Fischer et al., 2022), an extensive database of airborne
TC observations collected using the X-band tail Doppler radar aboard NOAA’s WP-3D aircraft. This radar performs forward
and backward scans, enabling detailed three-dimensional analyses of the inner-core structure of TCs. Each mission typically

involves 3—4 passes through the storm center, generating storm-centered grids via a 'recentring' technique.

2.3 Tropical Cyclone Tracking

Tropical cyclones (TCs) in both ADDA_v2 and ERAS5 are tracked using the automated TempestExtremes algorithm (Ullrich
etal., 2021; Ullrich and Zarzycki, 2017; Zarzycki and Ullrich, 2017), following the procedure in Stansfield et al. (2020). First,
local minima in SLP are identified as potential candidates, with weaker minima excluded if a deeper one exists within a 6°
great-circle distance (GCD). Candidates must also exhibit a minimum SLP increase of at least 2 hPa within 5.5° GCD and a
warm-core signature, defined as a>6 m decrease in 300-500 hPa geopotential thickness within 6.5° GCD of the local maximum
in thickness.

Tracking is conducted over the full domain of each dataset and then restricted to the ADDA_v2 domain using a shapefile of
the study domain. Consequently, some ERA5 and HURDAT2 TCs appear short-lived within ADDA_v2, and all datasets may
include remnants crossing from the East Pacific. To focus on North Atlantic TCs, we only retain tracks with at least one point
over ocean within the first 24 hours that falls inside the International Hydrographic Organisation (IHO) North Atlantic shapefile
(Flanders Institute, 2018) and discard tracks starting over land. Tracks existing exclusively south of 12°N are removed to
reduce boundary-related noise in ADDA_v2. To exclude extratropical cyclones, tracks entering the domain above 35°N or
exceeding 50°N are discarded. Finally, tracks existing for fewer than two time steps (6 hours) are also discarded. We adopt a
slightly higher latitude threshold (50°N) than Stansfield et al., (2020) as ADDA_v2 does not include the majority of the Atlantic
Main Development Region (MDR; 10-20°N, 30-60°W), where many TCs initiate. As a result, we expect more recurving TCs
to enter the domain later in their lifecycle, often at subtropical latitudes.
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Figure 1: (a) WRF domain with terrain height for ADDA _v2. (b) Tracking domain for North Atlantic TCs in all
datasets. The red line (35°N) delineates the location below which trajectories must enter into the domain to be

considered TCs.

2.4 Tropical Cyclone Frequency and Metrics

TC counts are determined by summing the detected trajectories in each model for each year, while monthly average counts are
used to demonstrate the ability to capture patterns of TC occurrence by calculating the arithmetic average of TC trajectories
counts for each month of the 20-year period.

Frequency is also illustrated by calculating tropical cyclone days (TCDs), defined as any day in which one or more TC exist
anywhere in the ADDA_v2 domain, and is broken down further based on TCs existing at each Saffir-Simpson scale category.
This is particularly useful in comparing counts between the model data and HURDAT?2 data, which may have some
inconsistencies in the thresholds used to determine difficult to observe phases in the TC lifecycle when compared to the more

controlled thresholds in the tracking data, for example genesis and extratropical transition.

Further summary of annual and monthly TC activity is quantified by determining the Accumulated Cyclone Energy (ACE), a
valuable metric for assessing the intensity and duration of TCs, offering insights into their potential impact and associated risk
(Bell et al., 2000; Villarini and Vecci, 2012). ACE is calculated as:

ACE = 107*2v% 0y @)
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TC intensity is further analysed by employing the use of a simple wind-pressure relationship (WPR), which allows for a more
comprehensive analysis of TC intensity by using traditional 10m wind-speed metrics and minimum SLP simultaneously.
Additionally, this WPR may provide a greater insight into any biases observed in ERA5 or ADDA_V?2 relative to the observed
WPR, as we would expect coarser models like ERA5 to struggle more at representing the high wind speeds observed in the
TC eyewall than minimum SLP (Chavas et al., 2017). Here, we fit the simple WPR outlined in Atkinson and Holliday (1979),
which uses a power law relationship based on the cyclostrophic wind balance such that:

Vn = A(Peny = Ppin)® )
Where 1, is the TC maximum wind speed, P,,,,, is the environmental pressure, set here to the 1020 mb estimate given in
Atkinson and Holliday (1979) for the North Atlantic, P,,;, is the TC’s minimum SLP, and A and B are fit coefficients to be

determined.

2.5 Tropical Cyclone Spatial Variability

To further analyze spatial variability in the data, we determine the TC track density by binning TC centroids into 2.5 degree
bins, and summing the total number of TC centroids existing in each bin over all 6-hourly timesteps. Other bin sizes were
tested and produced similar results (Fig. S1). While the tracking domain does not cover the genesis location of many of the
TC tracks, which we anticipate will enter from the MDR, we can use the initial and final points of detection to gain an

understanding of a general trend in TC path and realistic track propagation.

2.6 Tropical Cyclone Structure

In addition to analyzing statistical TC climatology, we examine the differences in how ADDA_v2 and ERAS represent storm-
scale structures to assess the added value of CP simulations in capturing TC structure. We generate composites of the 10
strongest TCs in each dataset, following the method outlined in Bengtsson et al. (2007b) and Catto et al. (2010). These
composite storms are derived from the simulated TCs at peak intensity (measured by minimum SLP) using a 300 km storm-
centered coordinate. This storm-centered coordinate system is also used by TC-RADAR, allowing for direct comparison of
individual storms in ADDA_V2 to observed TCs taking similar tracks. To further investigate the physical mechanisms
underlying the differing representations of TCs between ADDA_v2 and ERAS5, we focus on a single hurricane event—Isabel
(2003). Hurricane Isabel (2003) stands out as one of the well-resolved hurricanes in ADDA_v2, enabling us to examine

ADDA v2’s capability of simulating storm-scale structure in comparison with TC-RADAR and ERAbS.
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3 Results
3.1 Tropical Cyclone Frequency

We first compare TC counts at all intensities produced by ADDA_v2 and ERA5 to HURDAT2 (Fig. 2a). The 20-year mean
TC counts in ADDA_v2 are closer to HURDAT2 (12.5 versus 12.25) than ERA5, which averages only 7.45. In particular,
ERADS always under-detects TCs, consistent with previous findings (e.g., Stansfield et al., 2020; Bie et al., 2021), while
ADDA _v2 over-detects TCs in a number of years. ADDA_V2 reasonably captures the interannual variability in TC count,
especially in years with abnormally high numbers of TC events, with a standard deviation of 4.13 compared to 4.94 observed
in HURDAT2. ERA5 produces a standard deviation of 3.01 over the same period, and often undercounts TCs in years with
many observed TC events (e.g., 2005, 2010 and 2011). In the mean seasonal cycle, both ADDA_v2 and ERA5 appear to
successfully capture the seasonality of TC activity (e.g., peak season in September) in the domain (Fig. 2b), with similar
median counts in each month. ADDA_v2 does generally capture the upper tail of the monthly distributions better when
compared to its forcing data (ERAS), supporting the higher annual TC counts and suggesting an improved ability to capture
the variability and extremes of TC activity.
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Figure 2. (@) Annual counts of TCs for HURDAT2, ERA5 and ADDA _v2 for the simulation period from 2001 to 2020.

Dashed lines show the arithmetic average for the simulation period from 2001 to 2020. (b) box plot of TC counts in
8
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each month during the hurricane season, boxes indicate 25th to 75th percentile, whiskers indicate 5th and 95th

percentiles, circles indicate outliers, and lines within the box indicate the median monthly count.

ADDA_v2 continues to display an improved performance relative to ERA5 at representing the interannual variability of TC
activity at different intensities. Figure 3a presents annual TC counts by maximum Saffir-Simpson category, with ADDA_v2
effectively reproducing the observed variability, including peaks in Category 1+ and 3+ hurricanes during 2005, 2011, 2017,
and 2020. While ERAS shows a similar but weaker pattern, it fails to simulate any TCs above Category 2 and overrepresents

storms peaking at tropical storm intensity.

To account for TC lifetime, TC days (TCDs) are shown in Fig. 3b. Both ERA5 and ADDA_v2 capture the overall variability
in annual TCDs, though ADDA _v2 more closely aligns with observations across all intensity categories. On average,
ADDA _v2 overestimates TCDs above tropical storm intensity by 20 days, while ERAS5 underestimates by 19.2 days relative
to HURDAT2. At Category 1 intensity, ERA5 simulates only 3.45 TCDs annually (vs. 23.6 in HURDAT?) and fails to detect
any TCDs above Category 2. ADDA_v2, by contrast, overestimates TCDs by 7 days at both tropical storm and Category 1
intensities, and by 5.79 days at Category 2. It performs well at major hurricane intensities, slightly underestimating Category
4-5 TCDs by just 0.21 days. This is likely due to the fact that ADDA v2’s domain is still small relative to the full Atlantic
hurricane basin, meaning that some TCs advected into the domain may be resolved incorrectly or may not have enough time

to intensify sufficiently before making landfall or exiting the domain.
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Figure 3: (a)-(c) annual TC counts and (d)-(f) annual TCDs for the simulation period for HURDAT?2 (left), ADDA_v2
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While ADDA_v2’s performance could be further improved through parameter tuning and resolution refinement, Fig. 3 shows
that high-intensity TCDs remain underrepresented relative to observations. This may stem from the absence of the MDR in
the ADDA_v2 domain, limiting storm intensification before and during advection across the boundary. In contrast, HURDAT?2
tracks are not spatially constrained and may reflect stronger storms at the point of initial detection. Additionally, the
combination of boundary and terrain effects may artificially extend the tracks of long-lived, landfalling TCs near the southern
domain edge in Mexico’s Sierra Madre mountains, despite filtering criteria requiring at least 10 track points below 150 m
elevation. This “extension” leads to an erratic inland TC track over the high terrain following a realistic over-ocean track and
landfall location, which we hypothesise may inflate TCDs at TS intensity and below (Fig. S2). Tracking TCs over complex
terrain is inherently challenging, as is verifying inland tracks due to sparse observational data and inconsistencies in the best
track data (Schreck et al., 2014), thus we retain these inland tracks while acknowledging their contribution to a potential high
TCD bias. Moreover, a subset of ADDA_v2 (and ERAS) tracks may capture the extratropical transition phase, where residual
warm-core structure leads to continued detection by TempestExtremes despite non-tropical characteristics (Jung and
Lackmann, 2021). These cases can exhibit TS-strength winds, further contributing to TCD overestimation. Despite these
limitations, ADDA_v2 exhibits a more realistic representation of TC activity and intensity in response to large-scale
environmental conditions compared to ERAS. Since ADDA_Vv2 is driven by ERA5 boundary conditions, its improved

depiction of TC intensities highlights the added value of the CP-scale downscaling approach.

3.2 Spatial Distribution of Tropical Cyclones

To understand the spatial climatology of TCs in each dataset, we analyze the track density, location of initial TC positions and
average translation speed and vectors over the domain over the 20 years. Figs. 4(a)-(c) show track density in each dataset.
ADDA V2 better captures the magnitude of track density relative to HURDAT?2 than ERAD5, resolving clusters of TC activity
in landfall regions such as the Bay of Campeche, the coast of Honduras and the Caribbean Islands and near the southeast Gulf
Coast. We also find a cluster over the western Atlantic south of Bermuda in the region where Atlantic TCs often recurve. It is
found that ADDA_v2 shows a more accurate spatial distribution of TCs than ERADS relative to HURDAT?2, with track density
showing RMSEs of 9.92 and 11.31 counts per grid cell respectively. ADDA_v2 also consistently improves precision
difference, mean error, modeling yield and scores a near perfect Q95 difference (Table S1), again indicating a better
representation of spread and extremes in TC activity, which is much lower in ERA5 across most grid cells. While we select
2.5 degree bins to highlight broader climatological patterns across the domain, we observe similar results regardless of the bin

size used across the domain (Fig. S1, Table S1).

To examine the realism of the TC tracks depicted in ADDA_Vv2, we assess the initial position of TCs detected in the domain

(Figs. 4d-f) and the translation vectors (Figs. 4g-i) of each TC track over the full period. All three datasets capture a cluster of

TCs with initial locations near the eastern edge of the tracking domain, where depressions and TCs are likely to be entering

from the Atlantic MDR. While we expect HURDAT?2 and ERAS to be able to capture this without issue, we note that
10
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ADDA V2 also captures this signal, increasing confidence that TCs crossing into the model domain from the MDR are
detected. However, the higher densities in ADDA_v2 on the eastern domain boundary may indicate possible boundary noise.
All datasets also show a secondary cluster in the Gulf of Mexico, which is more pronounced in ADDA_v2 and least visible in
ERADB. TC propagation direction following their detection is generally consistent across all three datasets (Figs. 4g-i), and is
consistent with climatologically characteristic TC track patterns. TCs over the portion of the west North Atlantic contained in
the model domain demonstrate a “recurving pattern” as they propagate northward, indicating the representation of realistic
large-scale steering flows in the model domain. A small region of the southern Gulf of Mexico exhibits a straighter, east to

north-eastward propagation pattern consistent with tracks generally making landfall in Central America and Northern Mexico.

Translation vectors become more variable and the average translation speed increases with northward extent — particularly
above 40°N — in all datasets, similar to the findings of Zhang et al., (2020) in all basins. It is worth noting that while ERA5
does not contain any TC specific data assimilation (Hodges et. al., 2017), ERA5 necessarily assimilates observations—
including corrected data - at every timestep (Hersbach et. al., 2020). Slocum et. al., (2022) demonstrate that, especially in the
North Atlantic where routine reconnaissance missions are conducted to increase the density of observations around TCs and
tropical disturbances for operational purposes, TC tracks in ERAS are spatially very close to their HURDAT?2 position. By
contrast, ADDA_v2 has its own internal and spatial variability, thus tracks cannot be accurately “matched” to observations.
ERADS outperforms ADDA _v2 for pattern correlation across all spatial metrics (Table S1, S2), for example, scoring 0.90 for
track density relative to ADDA_ v2’s 0.84. This is likely because the tracks of TCs detected in ERAS are inherently close to
HURDAT?2 due to the aforementioned data assimilation process. This is supported by the noticeable decrease in ADDA_v2’s
pattern correlation relative to ERAS5 with smaller bin sizes, as increasing the number of bins places higher weight on individual
tracks (Fig. S1, S2). Moreover, ERA5 outperforms ADDA V2 in representing TC translation speed and initial position,
showing lower RMSE and higher pattern correlation (Table S2). This is likely due to ERA5’s global domain, which more
faithfully captures upper-level steering flows, while ADDA_v2 develops its own internal variability within its limited tracking
domain.

11
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° 3
Mean Translation Speed (m/s)

Figure 4: (a)-(c) Track Density, (d)-(f) Initial TC locations, and (g)-(i) Average TC translation speed (shading; m s-1)
and vector (arrow) for the full study period in (a), (d) and (g) HURDAT?2, b, e and h) ADDA_v2 and (c), (f) and (i)
ERAS.

3.3 Tropical Cyclone Intensity: Maximum 10-m Wind Speed and Minimum SLP

Fig. 5 shows the distributions of 10 m wind speeds and minimum SLP at the TC center, which are the two parameters
traditionally used to denote TC intensity, along with the WPR for each dataset. For reference, an intensity scale is added to
each distribution, with the traditional Saffir-Simpson scale used for maximum 10 m wind speed, and the revised TC intensity
scale proposed by Klotzbach et al., (2020) used for the minimum SLP distribution. In order to maintain a reference
environmental pressure of 1020 mb in accordance with Atkinson and Holliday (1979), this figure excludes all points with
minimum SLP values below 1020 mb (a total of 6 points in HURDAT2, 7 points in ADDA_V2, 0 points in ERAS).

The minimum SLP distributions have a relatively similar shape across all three datasets, though ADDA_v2 performs slightly
better than ERAS5, with a skewness error of -0.38 versus -0.57, and an overlapping ratio of 0.93 versus 0.87, respectively,
relative to HURDAT?2 (Fig. 5a). The maximum wind speed distributions reveal a more pronounced difference between
ADDA v2 and ERAS5. Specifically, ERA5 again exhibits a greater skew error of 0.86, compared to 0.34 in ADDA_v2. Indeed,
we observe that the shape of the ERAS distribution is compressed, resulting in an overlapping ratio of 0.72 with HURDAT2.
ADDA v2 more closely captures the shape and tails of the observed HURDAT? distribution, especially for strong TCs,
resulting in a higher overlap ratio of 0.83. Nonetheless, both datasets exhibit a bias towards Saffir-Simpson Scale intensities

of below Category 1, indicating that ADDA_v2 does inherit some of the weak bias from ERAS.

12
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The fitted WPR curves support this further, showing ADDA_v2 and ERAS to exhibit similar patterns of exponential decay
owing to the small difference in B coefficient, while HURDAT2’s WPR decays more slowly. In ADDA v2, TCs below
Category 1 on both scales tend to exhibit higher minimum SLPs and stronger winds than either of HURDAT?2 or ERAS5, which
is likely a function of TCs advected into the domain strengthening with the removal of the CP constraints contained in the
forcing data. Furthermore, ADDA _v2 still struggles to capture the strongest TCs, with fewer reaching Categories 4 and 5 on
either scale than HURDAT?2 (Table S4, S5). Moreover, we note that while the ADDA_v2 and ERAS5 distributions for both
intensity metrics are significantly different at P < 0.001 and that ADDA_v2 does still struggle to capture Category 5 TCs on
both scales, ADDA_v2 scores a lower test statistic on all three nonparametric goodness of fit tests for the minimum SLP, 10
m wind, and WPR-calculated distributions (Table S3), indicating that ADDA_v2’s distribution is a comparatively better fit
than ERADS for the observed distribution of TC intensity over the study domain. The improved representation of the distribution
of intense TCs demonstrates the added value of allowing explicit convection on TC intensity in ADDA_v2 at resolving the

climatology of intense TCs.
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Figure 5: Kernel density estimate smoothed Probability Density Functions (PDFs) of minimum SLP (b) and 10m wind
speeds (a), with a relative to the fitted WPR (c). The reference intensity scales are the Klotzbach et al. (2020) revised
minimum SLP based scale for the minimum SLP distribution, and the standard Saffir-Simpson wind speed scale for
the 10m wind distribution. The overlapping area is calculated as the integral between the model PDFs and the observed
HURDAT2 PDF.

3.4 Tropical Cyclone Intensity: Accumulated Cyclone Energy (ACE)

To further examine the ability of ADDA_v2 to represent the distribution of TC intensity, we analyze the distribution of ACE.
ADDA_v2 and HURDAT?2 resolve higher annual ACE in the domain than ERA5 (Fig. 6). The mean error in annual ACE over
the 20 years relative to HURDAT2 is -6.28 kt2 in ADDA _Vv2, and -72.5 kt2 in ERAS. In particular, we note that even in years
where ERA5 performs relatively well at representing TC count such as 2001 and 2020, ACE is still drastically underestimated.
Both ADDA_v2 and ERAS also capture the pattern of interannual variability in ACE. ERA5, however, is unable to capture
the magnitude of this variability, with a standard deviation of 14.5 kt2 compared to 54.3 kt2 in HURDAT?2 and 46.6 kts2 in
ADDA v2. The spatial distribution of ACE over the full tracking period shows a similar pattern to the annual accumulated
ACE statistics. Much like with track density and translation speed, spatial pattern correlations are higher in ERA5 (0.73) than
ADDA v2 (0.61) as the tracks are not independent of observations in ERA5, however ERA5 underestimates ACE more than
ADDA _v2 (RMSE: 0.24 versus 0.2) in the majority of grid cells. ERAS5 is unable to capture any maxima in ACE with a low
standard deviation across bins of 0.07 in average ACE compared to 0.2 in HURDATZ2, and 0.15 in ADDA_v2.

a_ ---- Dataset Averages BN HURDAT2 I ADDA 4km WRF [ ERA

N
=
°

Energy [x 10¢ k)

150

w0y w0 DR DR R N B e B [ R

Annual Accumulated Cyclone

50

2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020
Year
HURDAT2 ADDA_v2 ERAS5
55° 55°N 55°N
. wW d. W

45°N 45°N

-
N

I
o

Average ACE (x 10* kt?)

e
®

g 35°N 35°N

14
Y

25°N O e 25°N ™ 0.4
N %
o . ,.-D-«-K R=0.61 150 d s-D.,.,‘ R=0.73 0.2
ol M-RMSE=O.24 _ax_, "RMSE=0.2 oo
100°W 80°W  60°W  40°W 100°W BO°W  60°W  40°W 100°W B80°W  60°W  40°W

14



343
344

345

346
347
348
349
350
351
352

353

354
355
356
357
358
359
360
361
362
363
364
365
366
367
368
369
370
371
372
373
374

https://doi.org/10.5194/egusphere-2025-1805
Preprint. Discussion started: 11 June 2025 EG U
sphere

(© Author(s) 2025. CC BY 4.0 License.

Figure 6: Accumulated Cyclone Energy (b, ¢, and d) annually averaged per grid cell for the full domain and summed

for the full 20 year period (a). ACE is calculated using 2.5 degree bins.

3.6 Mechanisms Behind the Improvement in ADDA_v2

As previously shown, a key advantage of convection-permitting (CP) simulations lies in their improved ability to capture TC
climatology, particularly at higher intensities. This stems from better resolution of storm-scale structure and the explicit
representation of deep convection, which is otherwise suppressed by cumulus parameterizations and hydrostatic assumptions
in coarser models (Gentry and Lackmann, 2010; Reed and Jablonowski, 2011, 2012; Zarzycki and Jablonowski, 2014; Zhang
and Wang, 2018). To assess the added value of CP resolution, we compare composite TC structure in ADDA_v2 and ERAb.
We further explore the mechanisms behind structural representation by evaluating both against TC-RADAR observations for
one of the TCs that is simulated relatively faithfully in ADDA_v2—Hurricane Isabel (2003).

3.6.1 Composite Storms

Fig. 7 shows vertical profiles of azimuthally averaged composites depicting temperature anomaly (relative to the mean over
a 300 km storm-centered domain), vertical velocity, and tangential and radial winds for both datasets. While both composites
exhibit typical TC features—such as upward motion along the eyewall, radial surface inflow with outflow at the storm top,
and strong cyclonic flow peaking in the lower troposphere—clear differences emerge between ADDA_V2 and ERADS.
ADDA_V2 shows a distinct warm core throughout the troposphere, with a maximum temperature anomaly of 12.5 K around
450 hPa (Figs. 7a—b). By contrast, ERA5 displays two warm cores at different vertical levels in the mid-troposphere,
inconsistent with satellite and dropsonde observations (e.g., Wang and Jiang, 2019). A plausible reason for ERAS’s
underperformance in simulating strong TCs (e.g., > Category 2) may be that its cumulus parameterization misplaces the height
of maximum heating, inhibiting intensification. ADDA_V2’s convection-permitting resolution better resolves inner-core
pressure gradients, enhancing boundary layer moisture flux, convergence, and latent heat release throughout the troposphere
(Manganello etal., 2012). This results in more intense warming and a higher temperature anomaly peak in ADDA_V2, aligning
with Wang and Jiang (2019).

According to the well-defined warm core structure, ADDA_v2 displays comparable increases in the radial velocity of
composite storms, reaching a maximum of 47.1 m s%, along with associated ascending motion exceeding 1.0 m s in the upper
troposphere (Fig. 7c). In contrast, ERA5 shows a lower peak radial velocity of 16.0 m s and vertical motion of 0.46 m s in
the mid-troposphere (Fig. 7d), potentially linked to the lower maximum temperature anomaly height discussed earlier. The
slope of the azimuthally averaged eyewall updraft is shallower in ADDA_v2 compared to ERA5 (Figs. 7c—d), consistent with
a smaller radius of maximum wind (RMW) and greater vertical extent of strong tangential winds (Figs. 7a—b; Stern and Nolan,
2009). Both datasets exhibit cyclonic tangential winds throughout the troposphere, peaking near 850 hPa; however, differences

are evident in magnitude and RMW—48.2 m s and 114 km in ERAS5 versus 59.7 m st and 62 km in ADDA_v2.
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375  The composite storm in ADDA_v2 corresponds to a Category 4 TC (59.7 m s%), while ERAS5 aligns with Category 2 (48.2 m
376  s). Based on Hsu and Yan (1998), mean RMWs are typically 46 km for Category 2 and 48 km for Category 4 hurricanes.
377  ADDA_v2 reasonably represents RMW for its strongest composite storms, whereas ERA5 depicts TCs with RMWSs more than
378  twice the typical size for storms of similar intensity—consistent with known biases in coarse-resolution datasets (Schenkel
379  and Hart, 2012; Chavas et al., 2017). Figs. 7e—f further support this, as ERA5 exhibits a broader, less organized precipitation
380 field with a peak of 22 mm hr?, while ADDA_v2 reaches 40 mm hr? in the southwestern quadrant of the eyewall. ADDA_v2
381  also presents more realistic convective features, including organized banding and a distinct rain-free eye—features absent in
382  ERAS. These results reinforce ADDA_v2’s enhanced ability to capture TC structure.
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383
384  Figure 7: (a)-(b) Radial-height cross section of the azimuthally averaged temperature anomaly (shadings; K) and

385  tangential wind speed (contours; m s). (c)-(d) Radial-height cross section of the azimuthally averaged, and vertical
386  velocity (shadings; m s**) and radial wind speed (contours; m s2). (e)-(f) Spatial pattern of hourly precipitation near the
387  storm areas. The profiles are derived from the composite of the 10 strongest storms in ADDA_v2 (left column) and
388 ERAGS (right column), respectively.
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3.6.2 Hurricane Isabel - Assessing Storm Structure: ADDA v2, ERA5, and TC-RADAR Comparisons

Fig. 8 shows the track of Hurricane Isabel in all three datasets. ADDA v2 and ERAS underestimate the observed storm’s
intensity. However, ADDA_v2, while deviating from the observed track, mitigates the intensity underestimation seen in ERA5.
The simulated storm in ADDA_v2 reaches Category 4 (~62.3 m s), while ERA5 captures Category 3 intensity (~50.3 m s)
on the Saffir-Simpson scale at their peak times. After 00 UTC on 16th September, ADDA_v2 shows weaker intensity as the
storm accelerates post-peak and makes landfall earlier, placing it in different environmental conditions (e.g., SST, storm-land
interaction) compared to ERAS. Therefore, we focus on the time when the observed storm reached peak intensity (19 UTC on
14th September), as both storms in ADDA_v2 and ERAS5 are either at or near their peak intensities and are in close proximity

to the observed track at this time.

In comparison with TC-RADAR and ERA5, ADDA_v2 shows clear improvement in storm structure representation both
horizontally and vertically (Fig. 9). It accurately captures the shape, size, and intensity of observed relative vorticity, unlike
ERADS5, where these features are less distinct (Figs. 9a-c). The strong vorticity annular ring in ADDA_v2 matches the
observations well, both in horizontal distribution and vertical profile (Figs. 9a-c, j-I). In TC-RADAR, irregular vorticity
segments appear as small-scale vortices or mesovorticies within the eyewall (Fig. 11a), potentially associated with vortex
Rossby waves (VRWs). While these features are not clearly seen in ADDA_v2, the presence of the polygonal cyclonic relative
vorticity along the eyewall in ADDA _v2 suggests the possibility of breaking VRWSs (Fig. 9b; Kossin and Schubert, 2001;
Wang, 2002). This could be due to ADDA_v2's ability to resolve a broader range of wavenumbers (e.g., Gentry and Lackmann,
2010). Additionally, ADDA v2 captures vertical motions better than ERAS5, including both symmetric and asymmetric
components (Figs. 9d-f). ERAS fails to adequately capture vertical motions, especially with an expanded radius of maximum
motion (~60km), while ADDA_v2 shows numerous smaller upward velocity maxima and adjacent downward motions
adjacent to the ring of ascent the eyewall (Figs. 9e,n). TC-RADAR also shows these features, which ADDA_v2 replicates
more accurately. It is worth noting that vertical velocity analyses for storms prior to 2010 in TC-RADAR are known to contain
potential errors, which, in some instances, result in overly deep and strong storms (Fischer et al., 2023). Nevertheless, it is
clear that ADDA_v2 demonstrates a well-defined symmetric updraft ring in the eyewall, along with numerous embedded
updrafts and downdrafts across the eyewall, as observed in previous studies (e.g., Fierro et al., 2009; Gentry and Lackmann,
2010; Fig. 9e).

ADDA v2’s wind speed distribution, both horizontally and vertically, closely matches TC-RADAR, with a maximum wind
speed of 83.6 m s and a radius of 43.4 km (similar to TC-RADAR’s 74.6 m s'* magnitude and 43.1 km radius) at 1-km above
the ground. (Figs 9g-h). In contrast, ERA5 overestimates the radius by 28.5 km (ERADS radius: 71.6 km) and underestimates
the magnitude by 15.2 m s (ERA5 wind speed: 59.4 m s?) relative to TC-RADAR at the altitude at this time (Fig. 9i).
Additionally, ADDA_v2 better resolves the vertical wind structure in the eyewall, peaking around 1 km, similar to TC-RADAR
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(Figs. 9p-r). As observed in the TC composites, this might be likely due to ADDA_v2’s higher resolution, as ERA5 tends to
represent larger, weaker TCs.

3.6.3 Hurricane Isabel - Physical Processes behind the Improvement in ADDA_v2

To explore the processes behind ADDA v2’s improved representation of Hurricane Isabel, we computed radial averages of
boundary layer (BL) integrated inflow and vertical mass flux for both ADDA_v2 and ERAS at 19 UTC on 14th September
(Table 1). Compared to ERA5, ADDA V2 generates a significantly larger low-level inward mass flux, which, in accordance
with mass conservation, corresponds to a larger vertical mass flux in the eyewall (Table 1). This suggests that the secondary
circulation in ADDA_V2 is stronger (Fig. 9q), which corresponds with the larger simulated sensible and latent heat fluxes,
conditions that are favourable for storm intensification (Fig. 10). As air moves towards the storm center, the conservation of
angular momentum increases its speed, resulting in stronger winds and a more robust storm structure in ADDA_v2 compared
to ERAS (Fig. 9). This leads to higher integrated BL Kinetic energy, defined by Powell and Reinhold (2007), in ADDA_v2
(Table 1), indicating greater damage potential. Therefore, ADDA v2’s representation of Hurricane Isabel suggests more
significant impacts, such as wind damage and storm surge, highlighting the importance of CP regional climate modeling for

accurate hurricane risk assessment.

The proposed interactive processes are tied to heat transfer from the ocean to the atmosphere, with SST playing a key role. We
examine SSTs in a 300 km x 300 km storm-centered coordinate (Figs. 12¢,f). At 19 UTC on 14th September, ADDA v2’s
storm is over slightly colder SSTs (28.2°C for the spatially averaged SST) compared to ERA5 (28.6°C for the spatially
averaged SST). This suggests that, despite the colder SSTs in ADDA_v2, more efficient surface heat transfer occurs, leading
to a greater inflow mass flux as well as secondary circulation (Fig. 10). These factors contribute to stronger storm
intensification and robust storm structure compared to ERA5. Another factor that significantly influences storm development
is vertical wind shear. It is well documented that strong vertical wind shear can inhibit the intensification of TCs by tilting the
storm’s vertical structure. This tilting disrupts the alignment of the storm’s core, reducing the efficiency of the heat engine and
limiting intensification (e.g., Bi et al., 2023). Therefore, if the two storms experience different shear conditions, such as ERA5
being in a stronger shear environment, it could lead to weaker intensity and a less organized structure in ERA5. To investigate
further, we calculate the shear between 850 and 200 hPa using wind components averaged over a 300 km radius from the storm
center, following Braun and Wu (2007). Fig. 11 shows the time series of 850-200 hPa shear and minimum SLP for both
datasets from 00 UTC on 14th to 00 UTC on 15th September 2003. The shear difference remains insignificant throughout,
though ADDA exhibits higher shear than ERA5 until 18 UTC on 14th, when both ADDA_v2 and observed storms reach peak
MLSP, 3 hours earlier than the storms in ERAS5. Thus, wind shear does not appear to influence the weak intensification in
ERAGS.

Possible explanations for the different intensification pathways between the two storms, despite similar environmental
conditions (e.g., SST, vertical wind shear), may lic in ADDA_v2’s improved representation of small-scale convection (Figs.

9e-f). CP scale models can resolve these smaller convective processes, which coarser models must parameterize. These small-
19
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scale updrafts and downdrafts enhance vertical mixing, allowing for more efficient heat and moisture transfer from the surface
to the atmosphere. CP scale models capture finer details of the near-surface wind field, including localized changes in wind
speed and direction, which enhance heat exchange at the atmosphere-ocean interface and in the boundary layer. This improved
feedback results in more realistic enthalpy heat flux exchanges, crucial for TC development, leading to a better representation
of TCs in the model.

Table 1: The first two columns display the radially averaged BL integrated inflow and vertical mass fluxes (kg m™ s™) within a
height of 1.2 km and a radius of 60 km from the storm center. The third column presents the radially BL integrated kinetic energy
within a height of 1.2 km and a radius of 120 km from the storm center.

Data BL Inflow mass flux (kg m*s™?) BL vertical mass flux (kg m?s?) BL kinetic energy (kg m? s?)
ADDA v2 -4.28 x 10° 4.64 x 10° 3.87 x 107
ERAS5 -1.12 x 10° 1.21x 10° 1.10 x 107
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Figure 8: Comparison of (a) track, (b) time series of maximum wind speed (m s) at 10-m, and (c) time series of minimum SLP (hPa)
for Hurricane Isabel (2003) against observations. Black lines indicate values derived from HURDAT?2, while blue and red lines
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470 represent values derived from ADDA_v2 and ERADS, respectively. The time at which storm structure comparisons between the
471 gridded data with TC-RADAR were made are indicated by asterisks.
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Figure 9. Horizontal distributions of (a)-(c) relative vorticity (s?), (d)-(f) vertical velocity (m s), and (g)-(i) wind speed (m s1) in a
300 km x 300 km storm-centered coordinate. Vertical cross-sections along the lines displayed in (a)-(i) for (j)-(I) relative vorticity
(s1), (m)-(0) vertical velocity (m s*), and (p)-(r) for (left column) TC-RADAR, (middle column) ADDA_v2, and (right column)
ERAS at 19 UTC on 14" September 2003 during Hurricane Isabel. The horizontal distribution is shown at 1-km above the ground.
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Figure 10. Horizontal distributions of (a),(d) latent heat flux (W m2), (b),(e) sensible heat flux (W m2), and (c),(f) sea surface
temperature (°C) for (upper panel) ADDA _v2 and (lower panel) ERAS at 19 UTC on 14 September 2003 during Hurricane Isabel.
All the figures are displayed in a 300 km x 300 km storm-centered coordinate system.
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Figure 11. Time series of the magnitude of the 850-200 hPa vertical wind shear (m s™*; solid lines) and minimum SLP (hPa; dashed
lines) from 00 UTC on 14th September to 00 UTC on 15th September 2003, at 3-hour intervals. Red lines represent values from
ERAJ5, while blue lines show values from ADDA _v2.

4 Summary and Discussions

This study demonstrates the skill of ADDA_v2 at representing TC climatology over much of the North Atlantic, Gulf of
Mexico, and Caribbean Hurricane Basin over a 20-year period. We focus specifically on the advantages its high resolution
provides over its coarser resolution forcing data (ERAS) in representing spatial, temporal and structural characteristics of TCs,

demonstrating its potential for applications such as risk assessments for critical infrastructure.

Our results suggest that ADDA_V2 generates an overall more realistic depiction of TC characteristics and structure over a 20-
year period. Over the full simulation, distributions of TC frequency and intensity are closer to observations than ERAS5, as is
the spatial distribution of TC centers. ADDA_v2 largely outperforms ERAS at capturing the upper-tails of TC activity and
intensity, indicating that allowing explicit convection can better capture mesoscale processes (here in the TC core) governing
meteorological extremes (Akinsanola et al. 2024). For example, through composite analysis of the ten strongest TCs in
ADDA V2 and ERA5, we see ADDA V2 is able to capture representatively intense TC (Category 4 versus Category 2 in
ERADS), and exhibits realistic structural features that ERAS often struggles to capture, such as a single, distinct warm core
(Wang and Jiang, 2019) and a compact RMW (Bengsston et al., 2007; Schenkel and Hart, 2012; Li et al., 2017). By contrast,
we find that ERA5 and ADDA_v2 show comparable skill at resolving the full distribution of minimum SLP, indicating that
delineating TC intensity using a minimum SLP based scale (e.g. Klotzbach et al., 2020), instead of the traditional wind-based
Saffir-Simpson scale may be more appropriate for ERA5 and other datasets at coarser spatial resolutions.

Nonetheless, ADDA _v2 does make improvements in capturing the most intense TC wind speeds, particularly those above
Category 4, which - to our best knowledge - has yet to be observed in similar decadal CP-scale regional climate simulations
to date. For example, Gutmann et al. (2018) did not simulate Category 4+ TCs in HRCONUS at a comparable resolution from
2001 to 2013. Although a full investigation into why ADDA_v2 captures such intensities is beyond the scope of this study—
given substantial differences in boundary conditions, domain size, physical parameterizations, and tracking criteria—we can
gain some preliminary insight by comparing the climatology of Category 4+ TCs over the subdomain and time period used in
Gutmann et al., 2018. Within roughly the same domain, HURDAT?2 recorded 13 total Category 4 TCs over Category 4 intensity
while ADDA_v2 records 6, including qualitatively reasonable representations of Ivan (2004) and Earl (2010). Gutmann et al.
(2018) attributed the absence of Category 4+ TCs in their simulations partly to the coarse resolution (~79 km; Dee et al., 2011)
of ERA-Interim boundary conditions, which resulted in exclusively sub-hurricane strength TCs entering their study domain.
This, combined with the very small over-ocean domain, may have reduced the opportunity for TCs to develop deep convection

and intensify. By contrast, ADDA_v2 benefits from both finer forcing data (ERAS5, ~31 km) and a larger over-ocean domain,
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potentially allowing stronger TCs to be advected into the simulation and providing more time for intensification under
convection-permitting conditions and warmer SSTs. However, other differences in model configuration may also contribute

and warrant further investigation.

From the perspective of the underlying mechanisms behind ADDA_v2’s improved performance, our case study of Hurricane
Isabel (2003) provides important insight into the differences between CP and reanalysis datasets in capturing the same storm,
particularly concerning its structures and physical processes, through a comparative analysis with observations. It is found that
the different pathways between the two storms, despite similar environmental conditions, may be due to ADDA_v2’s improved
capability in capturing small-scale convection and finer details, which enhance vertical mixing, heat transfer, and energy
exchange, leading to a more realistic representation of TCs. This supports our findings of improved TC representation on a
climatological scale.

ADDA v2’s ability to accurately simulate these extreme TC winds, realistic RMWSs and eyewall mesovortices exemplify its
value for risk assessments of critical infrastructure in industries such as offshore wind and coastal building. ADDA_v2 could
be used to calculate the return period of certain conditions such as an N-year return event, which may not be captured by
ERAGS. For example, Class | offshore wind turbines are not designed to withstand mean winds above 50 m s or gusts above
70 m st corresponding to TCs above Category 3 intensity (Worsnop et al., 2017), while Class T turbines can withstand average
winds of up to 57 m s (Wang et al., 2023). These speeds are consistently resolved by ADDA_v2, but are not present in ERAS.
Additionally, ADDA_ v2’s composite TC suggests a far better representation of intense TC precipitation, which is a major key

TC hazard for many communities.

For many regions in Mesoamerica and the Caribbean islands which lack a spatio-temporally continuous observational record
and are not featured in other decadal scale CP simulations, assessing the climatology and risks from TCs is challenging. We
note that ADDA_v2 performs particularly well in this region, capturing the same total number of TCs as HURDAT?2 (157),
while ERAS5 identifies just 88. However, ADDA_v2 underrepresents major hurricanes by 10 compared to HURDAT?2. Using
ACE as a proxy for TC hazard exposure and dataset utility as it integrates frequency, intensity and duration over a spatial scale
(Fig 12.), we find a comparable performance to the rest of basin even using a smaller bin size (1.5° bins vs 2.5° for the full
domain), with ERAS5 showing higher pattern correlation (0.91 vs. 0.75) but a larger RMSE (1.99 vs. 1.58). This suggests that
while ERA5S better captures spatial distribution, ADDA_v2 more consistently resolves TC intensity. Notably, the RMSE
difference between ADDA_v2 and ERAS is reduced in this subregion compared to the full domain despite the smaller bin size,
indicating that ADDA _v2 is particularly skillful at capturing strong TCs where observational data are sparse and the need for

risk-informed planning is high.
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While it is beyond the scope of this study to assess TC precipitation in Mesoamerica and the Caribbean Islands, ADDA v2’s
ability to capture heavy TC precipitation in the eyewall suggests this as a possible use case. Indeed, Franco-Diaz et al., 2019
find that TCs contribute between 40 and 60% of extreme precipitation in coastal areas of Mexico using satellite estimates,
however they note that these estimates tend to underpredict over land, especially in regions of complex terrain which
characterize Mexico’s coast. Furthermore, they find that coarse reanalysis datasets like ERA-Interim and JRA-55 underpredict
the satellite precipitation. TC remnants in Mexico are often highly impactful despite their decaying intensity, with the
orographic enhancement of remnants having the dual effect of causing costly and catastrophic flooding while providing much
needed precipitation to arid inland regions that rely in part on TCs to replenish major reservoirs and recharge groundwater
(Renteira-Villalobos and Hanson, 2025; Pedrozo-Acuiia et al., 2014; Brefia-Naranjo et al., 2015; Dominguez and Magafia,
2018). Future work may seek to address this further, with the intent of contributing data for risk analysis in these regions,

which would benefit greatly from CP-scale assessment of inland TC precipitation.

HURDATZ (1.5" Grid, Major TC tracks) 157 TCs (39 Cat 34) ADDA_v2 (15" Grid, Major TC tracks) 157 TCs (29 Cat 34) ERAS (15" Grid, Major TC tracks) 8 TCs (0 Cat 34)
v Y T v - v

R A Aty )
- -

Figure 12: Total ACE and major (Category 3+) TC tracks over Mesoamerica and the Caribbean islands (101-55°W and 12.6-
25°N) from 2001-2020 for (a) HURDAT2, (b) ADDA v2 and (c) ERAS.
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