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Abstract 1 

This study provides an overview of tropical cyclone (TC) hazard risk, population 2 

exposure, societal vulnerability, and community resilience for conterminous United States 3 

(CONUS) counties. TC hazard and disaster indices developed in this work combine measures of 4 

hazard risk (TCHR), exposure (TCEXP), vulnerability (TCVUL), resilience (TCRES), and disaster 5 

risk (TCDR) to determine the counties that are most likely to experience TC hazard impacts and 6 

suffer from a disaster. Results from this research indicate that counties in Florida, Louisiana, 7 

North Carolina, and southeastern Texas are most prone to TC disasters. Harris and Cameron, TX 8 

Counties rank highest of all counties in terms of TC disaster risk. Whereas TC disaster potential 9 

is largely greater for Atlantic and Gulf Coast counties because of a combination of high TC 10 

hazard incidence and population exposure, many inland or non-coastal counties across the 11 

southeastern and northeastern CONUS are also highly disaster prone due to frequent inland flash 12 

flooding from landfalling TCs being juxtaposed vulnerable communities. Geospatial patterns in 13 

TC hazards and fatalities in relation to the underlying population exposure, vulnerability, and 14 

resilience are critical for understanding how the next TC disaster may unfold. In all, outcomes 15 

from this research are aimed at improving local, state, and federal stakeholder (e.g., emergency 16 

managers, policymakers, land use planners) knowledge about the various threats their 17 

communities face from TCs. Our findings may assist officials with developing TC hazard-18 

specific mitigation and resilience-building strategies with the ultimate goal of reducing casualties 19 

and losses from future TCs.  20 

 21 

Keywords: Tropical Cyclone, Hazard, Disaster, Vulnerability, Exposure, Resilience 22 

 23 
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1 Introduction  24 

Over the last decade, conterminous United States (CONUS) tropical cyclones (TCs; 25 

tropical storms and hurricanes) have caused over $820 billion dollars (USD) in losses (NOAA 26 

2025). In 2017 alone, TCs were responsible for nearly $340 billion dollars in losses and 3,167 27 

direct fatalities, making it the most costly and deadly CONUS TC season in the last four decades 28 

(NOAA 2025). While TC impacts and fatalities are most commonly linked to the larger parent 29 

storm, the hazards TCs produce are the root causes of deaths and damage. TC hazards include 30 

inland precipitation that can lead to freshwater and/or flash flooding, coastal storm surge, 31 

damaging winds, rip currents, dangerous offshore marine conditions, and tropical cyclone 32 

tornadoes (TCT). In this study, we examine the intersection and relationships between these six 33 

deadly TC hazards and society. A county-level assessment of TC disaster risk is generated 34 

through geospatial analyses and the creation of disaster indices incorporate measures of TC 35 

hazard incidence, population exposure, societal vulnerability, and community resilience. This 36 

research is aimed at providing a baseline assessment of where TC disasters are most likely to 37 

occur. Our primary goal is to help stakeholders better understand the TC hazards that are most 38 

likely to impact exposed and vulnerable communities, creating disasters. Findings from this work 39 

will help emergency managers, land use planners, and policymakers develop, improve, and 40 

institute fatality- and impact-reducing strategies before, during, and after TCs make landfall. In 41 

addition, this findings from this study will assist future work aimed at developing mitigation, 42 

adaptation, response, and recovery strategies for the most TC disaster-prone counties.  43 

2 Background 44 

Several prior studies have examined the relationships between TC hazard incidence, 45 

atmospheric conditions, and societal impacts (Rappaport 2000; Muller and Stone 2001; Senkbeil 46 



5 
 

et al. 2011; Rappaport 2014; Fussell et al. 2017; Xi and Lin 2022; Lamers et al. 2023). These 47 

studies have mostly concentrated on spatial and temporal patterns in TC hazard incidence and 48 

severity, finding that many communities and populations in coastal and southeastern CONUS 49 

regions are threatened by multiple TC hazards each year (Peduzzi et al. 2012; Moore et al. 2017; 50 

Tennille and Ellis 2017; Sajjad et al. 2020; Summers et al. 2022). Others have focused on TC 51 

hazards as they relate to mortality, indicating that water hazards such as inland flooding and 52 

storm surge are the direct cause of most TC fatalities in the CONUS (Rappaport 2000; Rappaport 53 

2014; Rappaport and Blanchard 2016; Parks et al. 2022; Young and Hsiang 2024). Research has 54 

illustrated that inland flooding and storm surge are of greatest concern since they have been 55 

responsible for more than 75% of historical CONUS TC deaths (Rappaport 2014). Nearly one 56 

quarter of all landfalling TCs cause a fatality, with approximately 50 people being killed each 57 

year on average by TC hazards (Rappaport 2014). Past research examining the relationships 58 

between TC hazards and disasters has shown that societal factors related to exposure, 59 

vulnerability, and resilience are also critical when assessing TC hazard impacts and disasters 60 

(Schmidt et al. 2010; Morrow and Lazo 2015; Pilkington and Mahmoud 2017; Krichene et al. 61 

2023; Gori et al. 2025). Thus, a large portion of research on TC disasters has been dedicated to 62 

creating and improving community resilience-building strategies aimed at reducing TC losses 63 

(Lumbroso et al. 2017; Pilkington and Mahoud 2017; Mendelsohn and Zheng 2020).  64 

Most TC hazard studies concentrate their efforts on individual TC hazards. Many past 65 

studies have focused on inland precipitation because the impacts from flooding tend to be 66 

widespread and costly (Atallah et al. 2007; Knight and Davis 2009; Kunkel et al. 2010; Villarini 67 

et al. 2014; Zick and Matyas 2016; Touma et al. 2019; Maxwell et al. 2021). Additional work on 68 

storm surge (Needham and Keim 2012; Needham and Keim 2014; Needham et al. 2015; Resio 69 
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and Irish 2015; Zachry et al. 2015; Rahmstorf 2017; Booth et al. 2021; Towey and Booth 2022), 70 

wind (Cui and Caracoglia 2016; Mudd et al. 2017; Tan and Fang 2018; Henry et al. 2020; Song 71 

and Chung 2024), rip currents and dangerous off shore marine conditions (Gensini and Ashley 72 

2010; Paxton and Collins 2014; Rappaport 2000), and TCTs (Gentry 1983; Schultz and Cecil 73 

2009; Edwards 2012; Moore and Dixon 2012; Paredes et al. 2021) has also been conducted, 74 

revealing differences in TC hazard incidence location and severity relative to TC characteristics 75 

and the underlying society. Compounding effects of TC hazards have also been assessed in past 76 

research (Pilkington and Mahmoud 2017; Trepanier et al. 2017; Sheng and Hong 2020; Gori et 77 

al. 2022; Tonn and Czajkowski 2022). These investigations found that TC hazards tend to occur 78 

simultaneously with other hazards (e.g., inland flooding and TCTs, storm surge, and wind), 79 

creating issues regarding protective action decisions and evacuation (Nielsen et al. 2015).  80 

TC hazard research has taken several methodological approaches at varying spatial and 81 

temporal scales. Some studies have assessed patterns in TC precipitation and inland flooding as 82 

they relate to storm intensity, storm evolution, and the underlying landscape characteristics (e.g., 83 

land use, land cover, soil moisture conditions, river and stream levels; Senkbeil et al. 2011; 84 

Villarini et al. 2014). Others have concentrated on spatial patterns in TC hazard impacts as they 85 

relate to society. These works have illustrated that while storm surge, rip currents, and dangerous 86 

offshore marine conditions are inherently linked to coastal regions of the CONUS, TC hazards 87 

such as extreme rainfall, damaging wind, and TCTs often affect communities far removed from 88 

coastal regions (Rezapour and Baldock 2014; Liu and Smith 2016; Van Oldenborgh and Van Der 89 

Wiel 2017; Varlas et al. 2019). 90 

Some researchers have examined societal exposure, vulnerability, and resilience relative 91 

to TCs to better understand potential impacts, disasters, and mortality for many eastern CONUS 92 
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regions, including the Atlantic and Gulf Coasts (e.g., Freeman and Ashley 2017; Pilkington and 93 

Mahmoud 2017; Anderson et al. 2020; Mendelsohn and Zheng 2020; Parks et al. 2022; Swain 94 

and Bellino 2022; Wilson et al. 2022; Jing et al. 2024). Societal exposure is defined as persons, 95 

property, and/or the things society values that are subject to hazard impacts and losses (UNDRR 96 

2017a). Vulnerability has many definitions, but it is most often described as the susceptibility of 97 

people or a system to damage or harm, encompassing elements of exposure (i.e., people, assets, 98 

or characteristics of the natural and/or built environment that position a system to be affected by 99 

a hazard), sensitivity (i.e., degree to which a community or system is affected by hazard 100 

conditions), and adaptive capacity (i.e., ability for a community or system to cope or adapt to 101 

hazard conditions; UNDRR 2017b). Resilience is related to the ability of a person, community, 102 

or system to resist, absorb, adapt to, transform, and recover from the effects of a hazard in a 103 

timely and efficient manner (UNDRR 2017c). Each of these variables can be combined to 104 

generate a measure of disaster risk (Thywissen 2006; UNDRR 2017d). Disaster risk is defined as 105 

the potential for loss of life, injury, and/or severe damage from a hazard that causes substantial 106 

disruption to the essential functions of a society, community, or system and threatens its ability 107 

to cope without external assistance (UNDRR 2017d). Although various definitions exist across 108 

the hazards and disaster sciences, disaster risk is largely a function of hazard incidence, 109 

exposure, vulnerability, and resilience (Thywissen 2006).  110 

The disaster risk of a community or region is often assessed through the creation and 111 

implementation of an index or indices (e.g., Kaly et al. 1999; Peduzzi 2006; Peduzzi et al. 2009; 112 

Cutter et al. 2010; Flanagan et al. 2011; Cutter et al. 2014; Strader and Ashley 2018; Cutter 113 

2024; Painter et al. 2024). An index within the hazards and disasters research field is a composite 114 

statistic that combines multiple indicators, whether they be related to the hazard or society, to 115 
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generate a composite score that pertains to the specific index topic such as disaster risk. Hazard 116 

and disaster indices combine physical (e.g., hazard frequency, magnitude, location) and/or social 117 

(e.g., population density, poverty, age, housing type) measures within a mathematical framework 118 

to calculate a representative value that directly relates to the disaster frequency and severity 119 

within a specific geography (e.g., country, state, county). Studies have applied index methods to 120 

evaluate TC risk for coastal communities in the CONUS and around the world (e.g., Davidson 121 

and Lambert 2001; Bjarnadottir et al. 2011; Xiao et al. 2011; Bobby 2012; Hernandez et al. 122 

2018; Helderop and Grubesic 2022; Do and Kuleshov 2023; Song and Chung 2024). The 123 

application of indices to assess TC risk and associated hazards is diverse, ranging from the 124 

national to local scale and incorporating a variety of social and physical factors that control TC 125 

disaster risk. 126 

3 Data and Methods 127 

TC hazard data were gathered from a variety of public sources such as National Oceanic 128 

and Atmospheric Administration (NOAA), National Hurricane Center (NHC), and Federal 129 

Emergency Management Agency (FEMA). We analyze spatial patterns in TC hazard incidence 130 

for each of the six most common TC fatality causes (i.e., inland flash flooding, coastal storm 131 

surge, damaging winds, rip currents, dangerous offshore marine conditions, and TCTs), resulting 132 

in county-level enumerations of where TC hazards are most frequent. These measures are then 133 

combined with metrics related to societal exposure, vulnerability, and resilience to determine the 134 

counties that are at greatest risk to TC disasters. 135 

3.1 Direct Tropical Cyclone Fatalities 136 

We first assess direct fatality causes by TC hazard type from 2005 to 2024 to determine 137 

the TC hazards that are most likely to result in deaths (NHC 2025). This time period was selected 138 
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because it aligns with available TC hazard data availability (i.e., precipitation data). These data 139 

were gathered from NHC’s tropical cyclone reports that provide comprehensive overviews of TC 140 

events, including information on casualties. By going storm-by-storm within, we were able to 141 

determine the number, cause, and location of TC deaths over the 20-year study period. Fatalities 142 

were stratified by each hazard type with the proportion of total TC fatalities from 2005 to 2024 143 

by TC hazard type being used in a TC disaster risk index calculation that is discussed in the last 144 

section of our methods.   145 

3.2 Inland Flash Flooding 146 

To examine TC inland flash flooding, we developed a methodology for determining the 147 

amount and location of heavy rainfall from past TCs as they approached and traversed the 148 

CONUS. We first downloaded TC track data from the NCEI’s International Best Track Archive 149 

for Climate Stewardship (IBTrACS version 4). This dataset contains the best TC track position 150 

of past events at 3-hour intervals and storm information such as seasonal timing, location, ocean 151 

basin, track status (e.g., tropical depression, tropical storm, hurricane), maximum sustained wind 152 

speed, wind radii, central pressure, and distance to land (Knapp et al. 2010). For a TC track to be 153 

included in the inland precipitation and flooding analysis, it had to meet three criteria: 1) achieve 154 

tropical storm status within 600 km of the CONUS, 2) occur within the North Atlantic Ocean 155 

Basin, and 3) take place from 2005 to 2024. Tracks not within 600 km of the CONUS were 156 

excluded from analyses given prior research has illustrated that it is relatively uncommon for 157 

precipitation to be associated with a TC beyond 600 km of the storm center (Kirkland and Zick 158 

2019).   159 

Once TC tracks within 600 km of the CONUS were compiled, we then turned to NOAA 160 

Quantitative Precipitation Estimate (QPE) data from the Advanced Hydrologic Prediction 161 
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Service (AHPS) to gather precipitation estimates associated with each TC track included in our 162 

study. QPE data are derived from a combination of satellite, radar, and rain gauge measurements 163 

of precipitation and was developed through a partnership between the NWS River Forecast 164 

Centers (RFCs) and the National Centers for Environmental Prediction (NCEP; NWPS 2025). 165 

AHPS combines these precipitation measures to generate daily (24-hr) raster estimates of total 166 

precipitation across the CONUS at 4-km gridded spatial resolution. Stage IV QPE data were 167 

employed for the 2016 through 2024 time period, while Stage III QPE data covered the 2005 168 

through 2015 analysis period. For precise details on APHS QPE data creation see NWPS (2025).  169 

We matched the date from when the TC first comes within 600 km of the CONUS to the 170 

underlying 24-hr QPE data for the same date to determine the precipitation location and 171 

magnitude associated with each TC track. We then downloaded the 24-hr QPE data for each 172 

subsequent day as long as the TC was within 600-km of the CONUS. This daily QPE data 173 

gathering process continued until the TC either dissipated or moved outside of the 600-km 174 

CONUS buffer zone. TC QPE days ranged from a single day to over a week for some storms 175 

(e.g., Hurricane Harvey).  176 

Because not all precipitation from TCs leads to flash flooding, we also applied a 24-hr 177 

total precipitation threshold for each daily QPE raster. Prior research has indicated that flash 178 

flooding is most often associated with precipitation totals of 50.8 mm (2 inches) or greater within 179 

a 24-hour period (Huang et al. 2022). While we recognize that flash flooding is also dependent 180 

on several other factors such as precipitation duration, precipitation intensity, land use, land 181 

cover, etc. (Marchi et al. 2010; Sohn et al. 2020), the 50.8-mm threshold was the best 182 

compromise for the analyses in this study given the spatial and temporal scale limitations of the 183 

QPE dataset versus lengthy historical period of TC events we examined. In all, the 50.8 mm and 184 
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greater 24-hour precipitation threshold provides a conservative measure of inland flooding 185 

potential or specifically, TC flash flooding (TCFF) precipitation within each 4-km QPE grid cell.  186 

Lastly, because not all precipitation during the timeframe when the TC is traversing the 187 

CONUS is associated with the TC, we removed any TCFF precipitation grid cells that were not 188 

within 600 km of the TC centerline or track. All TCFF precipitation grid cells were then 189 

intersected with the underlying county and aggregated to provide a county-level measure of 190 

TCFF potential (i.e., mean total precipitation from ≥50.8 mm TCFF grid cells). County-level 191 

estimates were then ranked to yield a relative measure of TCFF potential compared to all other 192 

CONUS counties. In all, this methodology resulted in 122 TC events (61 tropical storms and 61 193 

hurricanes) from 2005 to 2024 that produced TCFF precipitation within the CONUS. 194 

3.3 Coastal Storm Surge 195 

Coastal storm surge was examined through NOAA’s Sea Lake and Overland Surges from 196 

Hurricanes (SLOSH) model (Jelesnianski et al. 1992). SLOSH is a numerical model that 197 

estimates maximum storm surge inundation from hurricanes that make landfall along the 198 

CONUS Gulf and East Coasts. SLOSH was developed in collaboration with FEMA, NWS, and 199 

the U.S. Army Corps of Engineers (USACE) by using historical hurricane events and associated 200 

storm surge observations. The SLOSH model considers hurricane central pressure, size, forward 201 

(translational) speed, track, sustained wind speeds, wind radii, and the coastal topography to 202 

estimate potential maximum storm surge by landfalling location and hurricane intensity (i.e., 203 

Category 1 through 5; Zachry et al. 2015). The NHC currently employs the SLOSH model using 204 

over a dozen basins along the Atlantic and Gulf Coasts in conjunction with a sample of 205 

hypothetical hurricanes to estimate a near worst-case scenario of storm surge flooding by 206 

hurricane intensity (Zachry et al. 2015). These data are referred to as the National Storm Surge 207 
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Risk Maps Version 3. For specific details on the history and development of SLOSH see Glahn 208 

et al. (2008).  209 

Storm surge risk data was downloaded from the NHC in raster (GeoTIFF) format for all 210 

coastal locations stretching from Texas to Maine and for hurricane categories 1 through 5. This 211 

process resulted in five rasters that represent potential maximum storm surge by hurricane 212 

intensity. The storm surge grid cells were then aggregated to the associated or intersecting 213 

coastal county to provide a county-level measure of maximum potential storm surge by hurricane 214 

intensity. This method is similar to the TCFF precipitation grid cell-county aggregation 215 

methodology discussed in the prior. Lastly, the county-level storm surge estimates were then 216 

averaged across all hurricane intensities to represent a measure of mean maximum storm surge 217 

inundation for all hurricanes and intensities.  218 

3.4 Severe Wind, Rip Currents, and Dangerous Offshore Marine Conditions 219 

We use FEMA’s National Risk Index (NRI) data as a means of TC hazard incidence 220 

information related to TC winds, rip currents, and dangerous offshore marine conditions. FEMA 221 

developed the NRI to highlight communities that are at risk from a set of 18 natural hazards 222 

(FEMA 2025). NRI TC data provided us with a measure of historical TC event frequency for all 223 

CONUS counties. The process for determining county-level TC frequency involved employing 224 

the NOAA NCEI HURDAT2 Best Track Data Archive that contains historical TC observations 225 

from 1851 to 2020. These data are equivalent to the IBTrACS data discussed in the above inland 226 

flooding methods section. The NRI working group applied a geospatial buffering method on 227 

HURDAT2 data to approximate TC size, intensity, and location as the storm evolved over time. 228 

Specifically, HURDAT2 TC line segments that make up the TC track were buffered by the TC 229 

wind radii at regular time intervals to estimate areal TC coverage as the storm traversed open 230 
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water and after making landfall (c.f. Figures 71and 72 in FEMA 2025). Each buffered TC track 231 

was then intersected with CONUS counties to yield a county-level measure of TC incidence. The 232 

TC wind incidence estimates are solely the product of the number of times TC winds traversed a 233 

county from 1851 to 2020. 234 

Because rip currents and dangerous offshore marine conditions are often directly related 235 

to TCs as they are near and/or make landfall along the Gulf and East Coasts, we also use the NRI 236 

TC incidence data to represent rip current and offshore marine hazards during TC events. The 237 

difference between county-level TC wind and rip current and offshore marine incidence data 238 

utilized in our study is that TC winds can traverse well inland, intersecting non-coastal counties, 239 

while rip current and offshore marine threats are isolated to those coastal counties that have 240 

access to open ocean water. Therefore, we only consider counties that have access to the open 241 

ocean (Gulf of Mexico and Atlantic Ocean) to be at risk for rip currents and dangerous offshore 242 

marine conditions.  243 

3.5 Tropical Cyclone Tornadoes 244 

Tornadoes associated with TCs have been archived by the NOAA Storm Prediction 245 

Center (SPC) from 1995 to 2024 (SPC 2024). SPC’s TCT database contains information on all 246 

tornadoes associated with TCs including TCT location (latitude, longitude), damage magnitude 247 

or intensity (Enhanced Fujita Scale 0-5; McDonald et al. 2009), casualties, distance from the TC 248 

center, time and date, and location and bearing information relative to the TC center. For our 249 

study, we plot the tornado damage path (polyline) using the starting and ending location of each 250 

TCT and aggregate them to the underlying county or counties that the tornado traversed. The 251 

resulting county-level tornado count from 1995 to 2024 is then used to estimate TCT incidence 252 

across the CONUS.  253 
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3.6 Exposure, Vulnerability, and Resilience  254 

American Community Survey (ACS) 5-year total population estimates were used as a 255 

measure of societal exposure to TC hazards. County-level ACS 5-year total population estimates 256 

covering the period of 2018 to 2023 were downloaded from the National Historical Geographic 257 

Information System (NHGIS; Manson et al. 2024). These data contain total population estimates 258 

as well as margin of error for county enumerations. We use the total population value to 259 

represent the number of people within a county that could potentially be exposed to a TC hazard.  260 

The CDC’s Social Vulnerability Index (SVI) for the year 2022 (most recent year 261 

available) was used to estimate county-level vulnerability across the CONUS (Flanagan et al. 262 

2011). This dataset considers 16 societal metrics that have been shown to indicate how 263 

vulnerable a person or community is to natural hazard impacts and disasters. Each of the SVI 264 

vulnerability metrics are grouped into four categories: socioeconomic status, household 265 

characteristics, racial and ethnic minority status, and housing type and transportation (Flanagan 266 

et al. 2011). For the socioeconomic status category, factors such as poverty, employment status, 267 

housing cost, education, and healthcare are considered. Household characteristic vulnerability 268 

metrics are associated with population age, disability, marital status, and language proficiency. 269 

The racial and ethnic minority status category directly relates to minority populations, and the 270 

housing type and transportation grouping is comprised of metrics related to multi-unit housing 271 

structures, manufactured homes, crowding, no vehicle access, and group quarters. In all, these 16 272 

variables are used to create four categorical estimates of vulnerability and an overall 273 

vulnerability score for all CONUS counties. For more information on the development of the 274 

SVI see Flanagan et al. (2011).  275 
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 County-level resilience data was downloaded from the FEMA NRI (FEMA 2025). 276 

FEMA NRI derived the resilience data from the Hazards and Vulnerability Research Institute 277 

(HVRI) Baseline Resilience Indicators for Communities (HVRI BRIC) index. The HVRI BRIC 278 

dataset uses a set of 49 indicators that help determine how resilient a county is to natural hazards. 279 

Each of the 49 indicators is grouped into one of six categories of resilience: social, economic, 280 

community capital, institutional capacity, housing and infrastructure, and environmental. These 281 

six categories help determine how well a community (county) is able to prepare for, withstand, 282 

and recover from natural hazards. County population, vulnerability, and resilience scores are 283 

percentile ranked to determine those that are above or below the CONUS average (median; 50th 284 

percentile) score. 285 

3.7 Tropical Cyclone Disaster Indices 286 

Using the aforementioned county-level TC hazard incidence, population exposure, 287 

societal vulnerability, community resilience, and TC fatality statistics, we created several indices 288 

to determine the CONUS counties that are most likely to experience and suffer from TC hazards 289 

and associated impacts. We first created a fatality-weighted TC hazard risk index (TCHR; Eq. 1) 290 

that uses the proportion of all TC fatalities from 2005 to 2024 by TC hazard type to weight the 291 

county-level percentile ranking value for each TC hazard category. The TCHR index does not 292 

assume that all TC hazards are of equal importance; rather, those TC hazards that have 293 

historically killed greater numbers of people are emphasized in the TC hazard risk index. The 294 

values for TCHR index calculations are then ranked for each CONUS county, providing a relative 295 

measure of county-level TC hazard occurrence or risk. 296 𝑇𝐶𝐻𝑅 = (𝑓𝑎𝑡𝑎𝑙𝑖𝑡𝑦 %)(𝐼𝑛𝑙𝑎𝑛𝑑 𝐹𝑙𝑜𝑜𝑑𝑖𝑛𝑔 𝑃𝑐𝑡 𝑅𝑎𝑛𝑘) + (𝑓𝑎𝑡𝑎𝑙𝑖𝑡𝑦 %)(𝑆𝑡𝑜𝑟𝑚 𝑆𝑢𝑟𝑔𝑒 𝑃𝑐𝑡 𝑅𝑎𝑛𝑘) +297 (𝑓𝑎𝑡𝑎𝑙𝑖𝑡𝑦 %)(𝑊𝑖𝑛𝑑 𝑃𝑐𝑡 𝑅𝑎𝑛𝑘) + (𝑓𝑎𝑡𝑎𝑙𝑖𝑡𝑦 %)(𝑅𝑖𝑝 𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝑎𝑛𝑑 𝑂𝑓𝑓𝑠ℎ𝑜𝑟𝑒 𝑀𝑎𝑟𝑖𝑛𝑒 𝑃𝑐𝑡 𝑅𝑎𝑛𝑘) +298 (𝑓𝑎𝑡𝑎𝑙𝑖𝑡𝑦 %)(𝑇𝐶𝑇 𝑃𝑐𝑡 𝑅𝑎𝑛𝑘)  299 
  300 

Eq. 1 301 
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Our TC hazard exposure index combines county-level TC hazard incidence with total 302 

county population estimates to determine population exposure to potential TC hazards (TCEXP; 303 

Eq. 2). TCEXP index scores are generated by multiplying county TCHR percentile rankings by 304 

county percentile rankings for total population as derived from 5-year (2018-2023) ACS county-305 

level population enumerations. Each county-level TCEXP score is then percentile ranked, 306 

providing a relative estimate of societal exposure to TC hazards across the CONUS.  307 𝑇𝐶𝐸𝑋𝑃 =  (𝑇𝐶𝐻𝑅)(𝑇𝑜𝑡𝑎𝑙 𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛)   Eq. 2 308 

Because vulnerability is a function of the underlying societal exposure, hazard incidence, 309 

and other societal factors such as income, age, education, etc., we combine TCEXP measures with 310 

county-level CDC SVI scores to create a TC vulnerability index (TCVUL; Eq. 3). TCVUL values 311 

are calculated by multiplying the county-level TCEXP index percentile rankings with the CDC 312 

SVI county-level vulnerability percentile rankings. The resulting TCVUL index values are then 313 

ranked to provide a relative county-level measure of TC hazard vulnerability across the CONUS.  314 𝑇𝐶𝑉𝑈𝐿 =  (𝑇𝐶𝐸𝑋𝑃)(𝑉𝑢𝑙𝑛𝑒𝑟𝑎𝑏𝑖𝑙𝑖𝑡𝑦)  Eq. 3 315 

 Community or county TC disaster resilience is calculated through an index that combines 316 

county-level percentile rankings for TCEXP and county-level rankings for community resilience 317 

derived from the HVRI BRIC (TCRES; Eq. 4). As mentioned prior, because county-level 318 

resilience percentile rankings from the HVRI BRIC are ranked from most resilient (100th 319 

percentile) to least resilient (1st percentile), we multiply county TCEXP by one minus the county-320 

level HVRI BRIC resilience percentile ranking value. The TCRES scores are again ranked to 321 

provide a comparative representation of TC hazard resilience at the county scale. This index 322 

signifies those heavily populated counties where community resilience is low and TC hazard 323 

incidence is high.  324 
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𝑇𝐶𝑅𝐸𝑆 =  (𝑇𝐶𝐸𝑋𝑃)(1 − 𝑅𝑒𝑠𝑖𝑙𝑖𝑒𝑛𝑐𝑒)  Eq. 4 325 

Lastly, we developed a TC disaster risk index (TCDR) that considers TC hazard 326 

incidence, population exposure, social vulnerability, and community resilience (Eq. 5). This 327 

index multiplies TC hazard incidence (TCHR), ACS total county population enumerations, CDC 328 

SVI vulnerability, and HVRI BRIC community resilience scores to generate a county-level score 329 

that relates to potential TC disaster risk. As with TCHR, TCEXP, TCVUL, and TCRES index scores, 330 

the TCDR county scores are percentile ranked and mapped to illustrate potential TC disaster risk 331 

across the CONUS. Higher percentile rankings for TCDR indicate a more disaster-prone county. 332 𝑇𝐶𝐷𝑅 = (𝑇𝐶𝐻𝑅)(𝑇𝑜𝑡𝑎𝑙 𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛)(𝑉𝑢𝑙𝑛𝑒𝑟𝑎𝑏𝑖𝑙𝑖𝑡𝑦)(1 − 𝑅𝑒𝑠𝑖𝑙𝑖𝑒𝑛𝑐𝑒)  Eq. 5 333 

4 Results 334 

4.1 Tropical Cyclone Fatalities 335 

 Our TC fatality dataset contains 61 tropical storms and 61 hurricanes that produced 336 

hazards across the CONUS from 2005 to 2024 (Figure 1a). These 122 TC events were the direct 337 

cause of 1,306 deaths over the last two decades (Figure 1b). Louisiana has experienced the 338 

greatest number of direct TC hazard deaths with 368 over the 20-year study period, followed by 339 

Florida (179), North Carolina (159), Mississippi (179), and Texas (121; Figure 1c). Only 43 TC 340 

hazard deaths occurred in non-costal states, with Tennessee containing the greatest number of 341 

fatalities from 2005 to 2024 at 15 deaths. Only one coastal state (Massachusetts) did not 342 

experience a direct TC fatality over the 20-year period. 343 

Storm surge has killed the most people (640) since 2005, followed by inland flooding 344 

(375) and severe winds (187). Hurricane Katrina in 2005 was responsible for 80% (513 of 640) 345 

of all storm surge fatalities in our 20-year analysis, while Hurricane Helene in 2024 was 346 

responsible for 25% (95 of 375) of direct inland flood fatalities (Figure 1c). The highest  347 
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 348 

Fig. 1 Panel (a) indicates the TCs that tracked within 600 km of the CONUS coast from 2005 to 349 

2024. Panel (b) represents the total number direct TC deaths by state from 2005 to 2024. Pie 350 

charts denote the proportion direct fatalities by TC hazard type from 2005 to 2024 (c) with and 351 

(d) without considering Hurricane Katrina’s direct fatalities. 352 

 353 

proportion of wind fatalities (65 of 187) over the 20-year study period was also associated with 354 

Hurricane Helene. Other TC hazards such as rip currents, offshore marine, and TCTs have killed 355 

a collective 86 people since 2005, with most (49) of the deaths being attributed to rip currents. 356 

There were also 10 direct TC fatalities where the deaths could not be attributed to a specific TC 357 
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hazard. Taking all TC hazard fatality causes into account, storm surge, inland flooding, and wind 358 

were collectively the direct cause of 92% of all TC fatalities since 2005.  359 

 Past research has illustrated that Hurricane Katrina’s impacts on New Orleans, LA were a 360 

function of physical, infrastructural, and societal factors (e.g., Cutter and Gall 2006; Jonkman et 361 

al. 2009; Shaffer et al. 2009; Boyd 2010). From a physical standpoint, Katrina was an intense 362 

Category 3 hurricane as it made landfall. Its forward speed, strong winds, bearing, and 363 

landfalling location allowed it to generate storm surge up to 8.5 meters (28 feet). Many failed 364 

levees such as those surrounding The Mississippi River Gulf Outlet (MRGO) also played a 365 

critical role in creating the disaster by exacerbating the storm surge from the Gulf of Mexico and 366 

Lake Borgne area as water funneled into the narrow channels along many portions of the city 367 

(Shaffer et al. 2009). This caused many levees to fail, leading to devastating flooding in some of 368 

the most socially vulnerable city neighborhoods. Disaster recovery issues pertaining to Katrina’s 369 

impacts on Louisiana and New Orleans have also been noted across many studies (e.g., Banipal 370 

2006; Pyles 2011).  371 

The inclusion of Katrina deaths within our analyses points to the importance of 372 

understanding how TC disasters can be complex and multi-layered events where characteristics 373 

of society and hazard intensity interact to result in significant loss to life. The Katrina-New 374 

Orleans, LA disaster also illustrates how a singular hazard event can overwhelm emergency 375 

management, leaving long-lasting consequences and issues for the communities affected. The 376 

trade-off is that extreme disaster events such as Katrina can skew trends and patterns in TC 377 

hazard fatalities, making it an outlier in terms of total fatalities and fatality causes compared to 378 

all other landfalling TCs during our study period. As such, we conducted our fatality analysis 379 

with and without Hurricane Katrina being considered (Figure 1c-d). Once removing direct 380 
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fatalities from Katrina, inland flooding became the majority (49% without Katrina) TC fatality 381 

cause instead of storm surge. Removing Katrina fatalities from the dataset also illustrates that TC 382 

winds (24% without Katrina) are more deadly than storm surge (17% without Katrina) on 383 

average. Overall, stratifying the proportion of TC deaths with and without considering Katrina 384 

provides greater insight into the TC hazards that are most likely to result in a fatality.  385 

4.2 Tropical Cyclone Hazard Incidence 386 

4.2.1 Inland Flash Flooding 387 

As expected, TC hazard incidence is concentrated in the Gulf and Atlantic Coast regions 388 

(Figure 2). In terms of inland flash flooding incidence, two counties (Carteret and New Hanover, 389 

NC) have received over 14 cm of TCFF precipitation per year on average (mean). Again, TCFF 390 

precipitation grid cells are those 4-km QPE grid cells that exceed 5.8 cm (2 in) of precipitation in 391 

a 24-hr period. Six of the top 10 counties that rank highest in terms of TCFF occurrence are 392 

located in North Carolina (Figure 2a; Table 1). Many of these counties were strongly affected 393 

by the heavy rains from Hurricanes Florence (2018) and Helene (2024). Portions of Carteret and 394 

New Hanover, NC counties received more than 75 cm (~30 in) of precipitation over a five-day 395 

period from Hurricane Florence (NWS 2018). Other western North Carolina counties such as 396 

Polk County were most affected by Hurricane Helene, where over 40 cm (~15 in) of rain fell 397 

during a 24-hour timeframe (NHC 2024).  398 

Of the top 100 ranked counties for TCFF precipitation or inland flooding potential, 33 are 399 

located in North Carolina, with 18 being in Louisiana and 17 in Florida. Also, 30 counties have 400 

experienced over 10 cm of TCFF precipitation from 2005 to 2024. When mapping the county-401 

level percentile rankings for inland flooding incidence, coastal counties represent percentile  402 
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 403 

Fig. 2 County TC hazard risk as determined by the (a) sum total amount of precipitation (cm) 404 

from TCFF grid cells from 2005 to 2024, (b) mean storm surge height (m) for all landfalling TCs 405 

across all TC intensity categories as estimated by the NOAA SLOSH model, total TC count and 406 

associated TC wind incidence for (c) all CONUS counties and (d) coastal counties from 1851 to 407 

2020, and (e) total TCT counts from 1995 to 2024. 408 
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Table 1 County percentile rankings for TC hazard occurrence by hazard type. 

 Inland Flooding Storm Surge Wind 
Rip Current and 

Offshore Marine 

Tropical Cyclone 

Tornado (TCT) 

Rank State County State County State County State County State County 

1 NC Carteret LA St. Bernard NC Carteret NC Carteret FL Polk 

2 NC New Hanover LA Orleans LA St. Bernard LA St. Bernard FL Palm Beach 

3 NC Brunswick LA St. John Bap. FL Monroe FL Monroe SC Charleston 

4 NC Jones LA Plaquemines NC Dare NC Dare SC Orangeburg 

5 NC Pamlico LA St. Charles NC Pamlico NC Pamlico MS Harrison 

6 MS Harrison FL Citrus NC Tyrrell NC Tyrrell SC Beaufort 

7 NC Onslow LA St. James NC Hyde NC Hyde FL Brevard 

8 TX Orange LA Jefferson NC Currituck NC Currituck FL Indian River 

9 LA St. Charles LA Lafourche LA Plaquemines LA Plaquemines LA De Soto 

10 MS Hancock FL Hernando SC Beaufort SC Beaufort NC Brunswick 

 409 

rankings above the 93rd percentile. However, some inland counties located in central Georgia and 410 

western North Carolina are also within the 93rd percentile and greater for TCFF precipitation. 411 

Again, these were most affected by Hurricane Helene as the storm traversed inland, leading to 412 

catastrophic flooding near Asheville, NC and the Blue Ridge Mountains region of North 413 

Carolina (NHC 2024).   414 

4.2.2 Storm Surge 415 

All of the top 10 counties ranked in terms of storm surge incidence and severity are 416 

located in Florida and Louisiana (Figure 2b; Table 1). Two specific regions in Florida and 417 

Louisiana are at greatest risk of damaging storm surge, the Mississippi River delta region of 418 

Louisiana and the southern portion of Florida’s Big Bend region. Citrus and Hernando counties 419 

just north of Tampa and Clearwater, FL are the two most storm surge-prone counties within 420 

Florida (Figure 2). Each of the top 10 counties with the greatest TC storm surge threat has a 421 

mean expected storm surge height from all hurricane intensities of 4.25 m and higher. St. 422 

Bernard and Orleans Parishes are the only two counties or parishes that have expected mean 423 
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storm surge height over 5 m, with St. Bernard Parish ranking highest with 5.2 m of expected 424 

storm surge from the average landfalling TC.  425 

No Atlantic coastal counties are ranked in the top 20 for storm surge risk. However, 426 

Cumberland County, DE, Middlesex and Richmond, NJ Counties, and Putnam and Rockland, 427 

NY Counties are all within the 99th percentile for storm surge incidence and severity. This 428 

finding indicates that storm surge threats are not isolated to the Gulf of Mexico and southern 429 

portion of the Atlantic coastline. These counties are within the Delaware Bay region and Upper 430 

Bay, NY where the Hudson and East Rivers feed into the Atlantic Ocean. Several TCs within our 431 

dataset have led to damaging storm surge within the southern Louisiana, western Florida, 432 

Delaware Bay, and Upper Bay regions. Other TCs such as Debby (2024), Eta (2020), Helene 433 

(2024), Idalia (2023), and Nicole (2020) led to high storm surge along Florida’s west coast. 434 

Lastly, Hurricanes Irene (2011) and Sandy (2012) resulted in flooding coastal areas surrounded 435 

by the Upper, Lower, Sandy Hook, Jamaica, and Raritan Bays surrounding many parts of the 436 

New York City Burroughs of Staten Island, Manhattan, and Queens. Together, these results 437 

indicate that storm surge can lead to deadly seawater inundation for many highly populated 438 

CONUS regions.  439 

4.2.3 Wind, Rip Currents, and Dangerous Offshore Marine Conditions 440 

Similar to the rankings for TCFF precipitation or inland flooding, a majority of the 441 

counties ranked within the top 10 for TC wind risk are located in North Carolina. Six of the top 442 

10 counties that are most threatened by TC winds are in North Carolina including: Carteret, 443 

Currituck, Dare, Hyde, Pamlico, and Tyrrell Counties (Figure 2; Table 1). St. Bernard Parish in 444 

Louisiana ranks second in terms of greatest TC wind risk, while Monroe County, FL, 445 

Plaquemines, LA, and Beaufort, SC comprise the remaining four positions within the top 10 446 
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counties for TC wind risk. Every county in Florida is within the 90th percentile and greater for 447 

TC wind risk.  448 

 Because we use the NRI database for both TC wind and rip current/dangerous offshore 449 

marine conditions, the top 10 county rankings for rip currents and offshore marine are identical 450 

to the TC wind top 10 rankings. Three primary coastal regions stand out in terms of rip current 451 

and dangerous offshore marine conditions: the Florida Keys, Mississippi Delta region of 452 

Louisiana, and the Outer Banks area in North Carolina (Figure 2d; Table 1). In addition, 453 

Beaufort County, SC is also ranked in the top 10 for TC rip current risk. Only St. Bernard and 454 

Plaquemines Parishes in Louisiana are in both the top 10 rankings for storm surge and rip current 455 

risk. Assessing larger scale geospatial patterns in rip current and dangerous offshore marine 456 

county-level risk illustrates that the eastern Gulf Coast and southern Atlantic Coast from the 457 

Outer Banks, NC regions, down to Miami Beach, Florida are most prone to rip current impacts.  458 

4.2.4 Tropical Cyclone Tornadoes 459 

Eastern and southern-central Florida, as well as eastern North and South Carolina have 460 

witnessed the greatest number of TCTs since 2005 (Figure 2e; Table 1). Four of the top 10 461 

counties when ranking them by the number of TCTs that have traversed the counties are located 462 

in Florida (Polk, Palm Beach, Brevard, and Indian River). Polk and Palm Beach County, FL, as 463 

well as Charleston County, SC have all experienced over 15 TCTs since 2005, with Polk County, 464 

FL being impacted by 16 TCTs over the 20-year study period. While counties closer to the Gulf 465 

and Atlantic coastlines are impacted more frequently by TCTs than those counties farther inland, 466 

many inland counties contain a high historical incidence of TCTs. DeSoto Parish, LA and 467 

Fauquier County, VA are both in the 99th percentile and greater for TCT hazard occurrence.  468 

4.3 Tropical Cyclone Hazard and Disaster Indices 469 
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4.3.1 TC Hazard Risk (TCHR) 470 

TC hazard incidence, as measured by the TCHR index, is greatest for counties along the 471 

Gulf and Atlantic coastlines (Figure 3). When ranking counties by their TCHR scores, 10 of the 472 

top 25 are located in Louisiana parishes south of New Orleans, as well as coastal counties in 473 

Alabama and Mississippi. Several (12) coastal counties in South Carolina and North Carolina 474 

also rank within the top 25 for TC hazard risk. Many inland and landlocked counties are also 475 

within the 85th percentile and greater for all TC hazard risk. Specifically, counties in western 476 

Alabama, western Georgia, central Carolinas, and far western North Carolina near the Blue 477 

Ridge Mountains are all within the 85th percentile for TC hazard risk. Inland flooding is the TC 478 

hazard that is the primary driver for counties with elevated TCHR scores. For example, most 479 

counties in the Blue Ridge Mountain region are above the 90th percentile for inland flash 480 

flooding. The repetitive inland flooding impacts from landfalling TCs such as Cindy (2005), 481 

Florence (2018), Fred (2021), Michael (2018), Zeta (2020), etc. over the last 20 years have led to 482 

this region experiencing several flash flooding events. Most notably, Hurricane Helene in 2024 483 

devastated the region, producing over 50 cm (20 inches) in some western North Carolina regions. 484 

The difference between inland and coastal counties in terms of TCHR scores is that most coastal 485 

counties are not only ranked high for inland flash flooding but also ranked high for other TC 486 

hazards such as storm surge, wind and rip currents. However, inland counties do not experience 487 

storm surge or rip currents, so their TCHR score rankings are generally lower.  488 

Four of the top 10 counties that have the greatest risk for TC hazards are located in North 489 

Carolina (Brunswick, Carteret, New Hanover, and Pamlico; Table 2). The top three counties in 490 

the CONUS in terms of TCHR scores are in North Carolina, with Carteret County being ranked 491 

highest of all CONUS counties. Carteret County, NC is the highest (100th percentile) ranked  492 
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 493 

Fig. 3 County percentile rankings for TCDR index components: (a) TCHR, (b) TCEXP, (c) TCVUL, 494 

and (d) TCRES. 495 

 496 

 497 

 498 

 499 

 500 
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Table 2 TC hazard-prone county percentile rankings for TCHR, TCEXP, TCVUL, and 
TCRES indices.   

 TCHR TCEXP TCVUL TCRES 

Rank State County State County State County State County 

1 NC Carteret FL Pinellas TX Harris NY Bronx 

2 NC Brunswick FL Hillsborough FL Miami-Dade TX Hidalgo 

3 NC New Hanover FL Duval FL Duval FL Citrus 

4 MS Jackson TX Harris FL Hillsborough FL Hendry 

5 LA Jefferson FL Miami-Dade MS Harrison FL Lee 

6 NC Pamlico FL Broward AL Mobile TX Cameron 

7 LA Lafourche FL Pasco FL Broward FL Sarasota 

8 FL Franklin LA Jefferson LA Jefferson NY Kings 

9 FL Pinellas FL Brevard FL Palm Beach FL Hernando 

10 MS Harrison AL Mobile FL Pinellas FL DeSoto 

 501 

county for inland flash flooding incidence, rip currents, dangerous offshore marine conditions, 502 

and TC winds. Carteret County is also ranked in the 99th percentile for TCT occurrence and in 503 

the 96th percentile for storm surge risk. The high TC hazard incidence for Carteret County, NC is 504 

expected given its location in the Outer Banks region of the state. Although Brunswick 505 

(Wilmington, NC) and New Hanover, NC Counties are not directly a part of the Outer Banks 506 

region of North Carolina, they also rank high for overall TC hazard risk. The remaining seven 507 

counties in the top 10 for TCHR scores share high percentile rankings (90th percentile and greater) 508 

for each individual TC hazard. All these counties are in the 99th percentile and greater for inland 509 

flooding, and in the 95th and greater percentile for storm surge, wind, rip currents, and dangerous 510 

offshore marine conditions. 511 

4.4.2 TC Hazard Exposure (TCEXP)  512 

The TCEXP index calculation brings together both historical TC hazard incidence (i.e., TC 513 

hazard risk) and total population (Figure 3b; Figure 4a-b) to determine the counties where a 514 

large number of people may be subject to TC hazards and disaster impacts. All but three counties 515 

ranked in the top 10 for TC hazard exposure are located in Florida (Table 2). This finding, along  516 
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 517 

Fig. 4 County (a) total population and (b) population density based on 5-year (2018-2023) ACS 518 

estimates. Panel (c) illustrates county overall 2022 CDC SVI percentile rankings. Panel (d) 519 

indicates county 2020 NRI overall resilience percentile rankings. 520 

 521 

with the TCHR index scores, indicates that not only do Florida counties experience greater than 522 

average TC hazard frequency, the state’s high population density also means exposure to TC 523 

hazards is higher than any other region in the CONUS. Florida counties with elevated TCEXP 524 

score rankings are located in three primary regions of the state: Tampa Bay to the Port Charlotte 525 
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and Cape Coral coastal region, West Palm beach to Miami-Dade County coastal region, and 526 

Palm Bay to Jacksonville along Florida’s Atlantic Coast.  527 

Other counties ranked high for TCEXP are located in clusters across several states or 528 

regions. For instance, Brazoria, Harris, and Galveston, TX Counties are all ranked in the top 25 529 

for TCEXP. High TCEXP rankings (90th percentile and greater) for these counties are a result of the 530 

built-environment and developed land sprawl associated with the Houston, TX metropolitan area 531 

over the last 80 years being collocated with high TC hazard incidence. The combination of 532 

sprawling metropolitan areas and high hazard incidence is also evident in many other counties 533 

within the top 25 for TCEXP. Counties such as Jefferson and St. Tammany Parishes in Louisiana, 534 

Baldwin and Mobile Counties in Mississippi and Alabama, and many North and South Carolina 535 

counties associated with cities such as Charleson, SC, Myrtle Beach, SC, and Wilmington, NC 536 

all have large population density and high TC hazard occurrence that leads to greater odds of TC 537 

hazard impacts.  538 

Using bivariate maps between county TC hazard risk and population exposure (Figure 539 

5a), the spatial relationship between these two disaster variables becomes more apparent. For 540 

instance, nearly all Florida counties are within the 90th percentile and greater for TC hazard 541 

exposure and rank in the high hazard risk and high exposure bivariate category. Counties as far 542 

north as southeastern Michigan, northeastern Ohio, and southwestern New York all indicate high 543 

hazard risk and exposure. Other highly populated metropolitan areas and counties that also fall 544 

within the 90th percentile and greater for TC exposure and indicate having high risk and high 545 

exposure are Birmingham, AL, Little Rock, AR, Atlanta, GA, Charlotte, NC, Philadelphia, PA, 546 

New York City, NY, Memphis, TN, and Houston, TX. The counties farthest away from the Gulf 547 

or Atlantic coastlines that are within the 90th percentile and greater for TC hazard exposure are 548 
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Jefferson County, AL (Birmingham, AL), Tuscaloosa County, AL (Tuscaloosa, AL), and Pulaski 549 

County, AR (Little Rock, AR). 550 

 551 

Fig. 5 Bivariate maps of all TC hazard risk against (a) total population exposure, (b) social 552 

vulnerability, and (c) disaster resilience. 553 

 554 

counties within the 90th percentile and greater for TC hazard exposure that are farthest away 555 

from the Gulf or Atlantic Coasts. This result, in combination with the TCHR index scores, again 556 
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suggests that although many inland counties experience fewer TC hazards than coastal counties, 557 

the high population density associated with many inland metropolitan areas can lead to 558 

significant impacts. All of these findings confirm prior research that has illustrated that 559 

population and development growth is a strong control for hazard impact severity and frequency 560 

(e.g., Freeman and Ashley 2017; Fussell et al. 2017).  561 

4.2.3 TC Vulnerability (TCVUL) 562 

TCVUL scores indicate that many Alabama, Florida, Louisiana, Mississippi, South 563 

Carolina, and Texas coastal counties are highly vulnerable to TC hazards (Figure 3c, 4c, 5b). 564 

Six of the top 10 county rankings for TCVUL scores are in Florida, with Miami-Dade, Duval, and 565 

Hillsborough Counties being ranked second, third, and fourth for TC hazard vulnerability (Table 566 

2). However, Harris County, TX (Houston) is ranked highest of all CONUS counties for TC 567 

hazard vulnerability. Harris County’s high TCVUL score is mostly driven by high SVI measures 568 

for housing cost burden (96th percentile), no health insurance (97th percentile), aged 17 and 569 

younger (92nd percentile), language barriers (98th percentile), minority populations (97th 570 

percentile), multi-unit structures (99th percentile), and crowding (96th percentile). Together, these 571 

variables suggest that Harris County is highly vulnerable due to socioeconomic status (SVI 572 

Theme 1) and racial and ethnic minority status (SVI Theme 3) constituents.  573 

Florida counties within the top 10 for TCVUL scores follow similar trends to each other 574 

given all six counties are above the 95th percentile for SVI housing cost burden, 80th percentile 575 

for language barriers, and 96th percentile for multi-unit structures. The remaining top 10 TCVUL 576 

county score rankings include Harrison County, MS (Ranked 5th), Jefferson Parish, LA (Ranked 577 

8th), and Mobile County, AL (Ranked 6th). For Harrison County, high SVI metrics include 578 

unemployment (92nd percentile), housing cost burden (93rd percentile), and single parent head of 579 
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household (94th percentile). These findings suggest that socioeconomic status and household 580 

characteristics are critical for creating vulnerability in Harrison County. Jefferson Parish, LA is 581 

similar to Harrison County, MS given its high housing cost burden (94th percentile); but other 582 

vulnerability factors such as language barriers (92nd percentile), multi-unit structures (93rd 583 

percentile), and minority populations (87th percentile) are much higher than both Harrison 584 

County and median SVI scores (i.e., 50th percentile). For Mobile County, AL, there is no single 585 

SVI measure that stands out in terms of overall social vulnerability, but the county does have 586 

elevated (greater than 85th percentile) measures for housing burden cost (89th percentile). In 587 

general, coupling these high-vulnerability characteristics with a high incidence of TC hazards 588 

points to these counties being most likely to experience and suffer from a TC disaster.  589 

Examining the top 25 rankings for TCVUL also reveals that counties such as Cameron, 590 

TX, Horry, SC, and Prince George’s, MD also contain greater TC hazard vulnerability than most 591 

other TC hazard-prone counties. All top 25 ranked TCVUL counties share similar vulnerability 592 

characteristics to each other regarding high housing cost burden, language barriers, and minority 593 

populations. Inland counties associated with large metropolitan areas such as Dallas, TX, Little 594 

Rock, AR, Birmingham, AL, Atlanta, GA, and San Antonio, TX are also within the 90th 595 

percentile and greater for TCVUL scores. Again, these counties all share vulnerability measures 596 

higher (80th percentile and greater) than the median CONUS county for housing cost burden, 597 

language barriers, minority populations, and multi-unit structures. Davidson County, TN 598 

(Nashville, TN) is the farthest county from the Atlantic or Gulf coastlines that is ranked in the 599 

90th percentile and greater for TC hazard vulnerability. The coastal Maine counties of 600 

Cumberland (91st percentile) and Washington (92nd percentile) are the counties that are farthest 601 
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north in the CONUS that are still within the 90th percentile and greater for TC hazard 602 

vulnerability. 603 

Lastly, the bivariate maps in Figure (5b) indicate that much of the rural southeastern 604 

CONUS, including eastern Texas, eastern Oklahoma, and Southern Missouri all have high 605 

hazard risk the coincides with high social vulnerability. However, some counties located in the 606 

Northeast, Great Lakes, and Midwest regions also indicate high risk juxtaposed with high 607 

vulnerability. Together, these findings suggest that non-coastal counties far away from the 608 

location of TC landfall are also prone to TC disasters because of elevated inland flooding and 609 

wind risk coupled with vulnerability populations.  610 

4.2.4 TC Resilience (TCRES) 611 

When combining total population and TC hazard incidence through our TCRES index, 612 

Bronx County, NY is identified as the TC-hazard prone county with the lowest TC disaster 613 

resilience (Figures 3d, 4d, 5c). Kings County, NY is also ranked within the top 10 for TCRES 614 

scores because of its high population density, TC hazard incidence, and having low resilience 615 

(Table 2). Although higher percentile rankings for TCRES indicate lower county resilience (i.e., 616 

TCRES is calculated as one minus the resilience percentile ranking), BRIC estimates are the 617 

opposite. Lower BRIC percentile rankings for counties indicate worse overall community 618 

resilience to disasters (See Eq. 4). Kings County ranks below the 6th percentile for social, 619 

community, and environmental BRIC categories. Bronx County ranks in the 1st percentile for 620 

social, 16th percentile for economic, 1st percentile for community, and 2nd percentile for 621 

environmental resilience to disasters based on the BRIC dataset. These low BRIC mean that 622 

Bronx County has extremely low disaster resilience compared to all other CONUS counties. 623 
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Taking all BRIC category scores and percentile rankings into account, Bronx County is within 624 

the 6th percentile for overall resilience. 625 

The remaining top 10 counties for lowest TC disaster resilience are in Florida or Texas. 626 

Specifically, six of the 10 counties with the lowest disaster resilience as calculated by TCRES are 627 

in Florida, including Citrus, Hendry, Lee, Sarasota, Hernando, and DeSoto Counties. Each of 628 

these counties ranks below the 10th percentile for overall resilience scores. Citrus, DeSoto, and 629 

Hendry Counties are all below the 20th percentile for social, infrastructure, and community 630 

resilience categories, with Hernando, Lee, and Sarasota Counties having low (less than the 10th 631 

percentile) resilience in terms of environmental and community BRIC categories. Hidalgo and 632 

Cameron Counties in Texas comprise the remaining top 10 TCRES rankings, with both of the 633 

counties having very low resilience in terms of social (1st percentile BRIC score) and community 634 

(6th percentile BRIC score). 635 

 From a spatial distribution standpoint, counties with low TC disaster resilience as 636 

indicated by TCRES, are dispersed throughout the CONUS, with many inland counties within 637 

eastern Oklahoma, southern Missouri, western Kentucky, and those throughout the southern 638 

Appalachian Mounties region being within the 90th percentile and greater for TCRES scores. In 639 

fact, several counties farther west in Arizona (Conchise), New Mexico (Dona Aña and Otero), 640 

and Texas (El Paso) are also in the 90th percentile and greater for TCRES score rankings. The 641 

common traits these counties share are their low community and environmental resilience (20th 642 

percentile and greater BRIC scores). The counties that are farthest north that still rank within the 643 

90th percentile and greater for TCRES are in far northeastern Pennsylvania (i.e., Monroe (96th 644 

percentile), Pike (97th percentile), and Wayne (90th percentile)).  645 
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 Again, most southeastern CONUS counties fall into the high TC hazard risk and low 646 

community resilience category (Figure 5c). Southern Louisiana counties indicate high risk 647 

coupled with high resilience. This is most likely attributed to FEMA’s Building Resilient 648 

Infrastructure and Communities program, which many opted into, that provided resources aimed 649 

at building resilience (Association of State Floodplain Managers 2025). This program was 650 

specifically aimed at helping residents raise their homes above flood levels, build levees, and 651 

prevent flooding. However, the program ended in Spring 2025, leaving these residents less 652 

resilient as indicated in our county-level analysis. Unfortunately, we are unable to adjust our 653 

analysis to account for this change. As such, it is expected that many of these high risk-high 654 

resilience counties in Louisiana are actually high risk-low resilience. Nevertheless, most high 655 

risk-low resilience counties are associated with rural regions outside of major cities such as 656 

Atlanta, GA, Houston, TX, Little Rock, AR, and Birmingham, AL. Many low risk-high 657 

resilience counties are in the upper Midwest in states such as Iowa, Minnesota, and Wisconsin. 658 

This is attributed to their relatively low TC hazard occurrence and overall low vulnerability.  659 

4.2.5 TC Disaster Risk (TCDR) 660 

The TCDR index brings components of hazard incidence, exposure, vulnerability, 661 

resilience, and fatalities together to estimate disaster likelihood when TCs threaten the CONUS. 662 

The spatial patterns in TCDR scores and rankings indicate that CONUS regions such as Florida, 663 

the Alabama, Louisiana, Mississippi, and Texas coastlines, North and South Carolina, as well as 664 

northeastern CONUS where highly populated cities such as Baltimore, Boston, New York City, 665 

Philadelphia, and Washington D.C. are located tend to have high TCDR scores (Figure 6). This 666 

result was expected given the proximity of these regions to the Gulf of Mexico and Atlantic 667 

Ocean where TC hazard risk is high. However, several inland regions or counties are also ranked  668 
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 669 

Fig. 6 County percentile rankings for TCDR index calculations. 670 

 671 

high in terms of their TCDR scores. For instance, White County, AR is more than 500 km from 672 

the nearest coastline and is ranked in the 93rd percentile for TCDR scores due to its elevated 673 

exposure (TCEXP 87th percentile), high vulnerability (TCVUL 90th percentile), and low resilience 674 

(TCRES 93rd percentile). Although exposure, vulnerability, and resilience are strong controls for 675 

many high inland county TCDR scores, these counties can also be subject to high TC hazard 676 

risk. Again, as an example, White County, AR is ranked in the 82nd percentile for both inland 677 

flooding and TCT risk. Other inland counties across the CONUS that are also highly TC disaster 678 
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prone include Butler County, MO, Davison County, TN, Warren County, TN, Pulaski County, 679 

AR, and Marion County, IN. Each of these inland counties ranks above the 85th percentile for 680 

TCDR, with the primary drivers of their elevated TCDR index rankings being inland flooding 681 

risk coupled with high exposure, high vulnerability, and low resilience.  682 

 Although our results indicate that many inland counties have high TC disaster potential, 683 

TC disaster likelihood is ultimately greatest along the coastal regions on the CONUS. Six of the 684 

top 10 counties with the highest TCDR scores are located in Florida, with coastal Texas and New 685 

York counties making up the remaining four spots in the top 10 TCDR index rankings (Table 3). 686 

Harris County, TX is considered the most TC disaster-prone county in the CONUS based on our 687 

TCDR analysis. Harris County ranks in the 96th percentile for both TCHR and TCEXP metrics, as 688 

well as in the 80th percentile for TCVUL and 87th percentile for TCRES. Although Harris County is 689 

not ranked in the top 10 for any TC hazard incidence, its high population density, high social 690 

vulnerability, and low resilience suggest that when a TC does impact the county, the 691 

consequences of the TC hazards may result in a disaster. Hurricane Harvey (2017) is a prime 692 

example of how a landfalling TC can have devastating consequences on Harris County. Cameron 693 

County, TX is ranked second of all counties for TCDR index scores. Similar to Harris County, 694 

Cameron County has elevated TC hazard incidence for inland flooding (81st percentile), storm 695 

surge (93rd percentile), wind (90th percentile), rip currents and dangerous offshore marine 696 

conditions (96th percentile), and TCTs (94th percentile).  697 

Pinellas and Lee Counties in Florida are ranked third and fourth for TCDR index scores, 698 

making them the most TC disaster-prone counties in Florida. These two counties rank above the 699 

92nd percentile for all TC hazards and in the 99th percentile for TCEXP, TCVUL, and TCRES scores. 700 

When considering the top 25 county TCDR rankings, 18 counties are located in Florida. Nearly  701 
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Table 3 TC hazard-prone 

county percentile rankings 
for the TCDR index. 
Rank State County 

1 TX Harris 

2 TX Cameron 

3 FL Pinellas 

4 FL Lee 

5 FL Pasco 

6 FL Palm Beach 

7 FL Miami-Dade 

8 NY Bronx 

9 NY Queens 

10 FL Hillsborough 

11 FL Hernando 

12 FL Manatee 

13 NY Kings 

14 FL Collier 

15 FL Broward 

16 FL Charlotte 

17 FL Citrus 

18 FL Escambia 

19 FL Bay 

20 FL St. Lucie 

21 FL Volusia 

22 MD Prince George's 

23 NJ Essex 

24 FL Monroe 

25 FL Sarasota 

 702 

all of these Florida counties have combined high TC hazard incidence juxtaposed with elevated 703 

measures of exposure and vulnerability. Other top 25 TCDR ranked counties are Bronx, Kings, 704 

and Queens Counties in New York, Prince George’s County in Maryland, and Essex County in 705 

New Jersey. Bronx and Queens, NY counties are the highest TCDR-ranked counties not located  706 

in Texas or Florida. Their higher TCDR rankings are attributed to large population exposure 707 

combined with high vulnerability. The same holds true for Kings County, NY and Prince 708 

George’s, MD counties.  709 

5 Conclusions 710 

This study examined the relationships between TC hazard incidence, population 711 

exposure, societal vulnerability, and community resilience through a geospatial lens to provide a 712 

baseline understanding of county-level TC disaster potential across the CONUS. We assessed 713 
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these relationships through the creation of indices that determine the counties that are most likely 714 

to be impacted by TC hazards and suffer from a disaster. A list of conclusions is provided below: 715 

• TC disaster potential, frequency, and severity is, at a minimum, a function of hazard 716 

incidence, exposure, vulnerability, and resilience. Counties where frequent TC hazard 717 

incidence overlaps with large population exposure, high vulnerability, and low 718 

resilience are more prone to hazard impacts and disasters.   719 

• Inland flooding is responsible for nearly half of all historical direct fatalities from 720 

TCs when considering Hurricane Katrina’s storm surge deaths as an outlier. 721 

Conversely, the large number of people killed by Hurricane Katrina’s storm surge 722 

indicates that a singular TC event that traverses an area of high exposure and 723 

vulnerability can lead to a high-fatality disaster, regardless of historical trends in 724 

disaster incidence and fatalities by hazard type.  725 

• Counties in North Carolina are most likely to experience inland flooding, severe 726 

wind, dangerous offshore marine conditions and rip currents. Counties in Louisiana 727 

are most likely to experience storm surge, while Florida counties are expected to 728 

witness the greatest number of TCTs. When considering all TC hazards, TC hazard 729 

incidence is generally higher for counties in Florida, Louisiana, and North Carolina.  730 

• Our TC disaster indices suggest that counties in Florida, Louisiana, North Carolina, 731 

and southeastern Texas rank well above the CONUS median in terms of TC exposure, 732 

vulnerability, and low resilience. Yet, some highly populated metropolitan areas such 733 

as Houston, TX and New York City, NY are also disaster prone due to their high 734 

population density and social vulnerability.  735 
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• Harris County, TX (Houston, TX), Cameron County, TX, Pinellas County, FL, and 736 

Lee County, FL are the most disaster-prone (>99th percentile) counties in the CONUS 737 

based on our analysis.  738 

County, State, and Federal emergency managers should use these findings as a baseline 739 

understanding for expected TC hazard impacts on their communities. Policymakers and 740 

stakeholders should develop new and/or alter existing resilience-building strategies so that their 741 

efforts are aimed at reducing impacts on the vulnerable populations that are most likely to suffer 742 

and/or be killed during a TC event. By not treating all TC hazards equally across the CONUS in 743 

terms of their fatality-producing likelihood, new and targeted mitigation actions and strategies 744 

can be developed so that hazard impacts and disaster losses are reduced. Policies and standards 745 

have been altered after a high-impact TC event in the past. For example, following Hurricane 746 

Andrew in 1992, the U.S. Department of Housing and Urban Development (HUD) changed 747 

construction standards for manufactured homes in coastal regions so that they were more wind 748 

resistant (Rumbach 2020). Similar mitigation actions were taken after Hurricane Katrina with the 749 

development of the Lake Borgne surge barrier that is designed to protect New Orleans from 750 

future TCs that may cause significant storm surge (Huntsman 2011). Overall, these examples are 751 

evidence that post-event mitigation actions are critical to preventing future disasters, but results 752 

from this work should be applied in a proactive manner prior to the next TC event. Doing such 753 

will reduce losses in the future, while also providing economic and social opportunities for many 754 

TC hazard-prone counties.  755 

This work and our findings are not presented without limitations. Outcomes from this 756 

research are spatially coarse. Our methods and analyses were limited by data input resolution and 757 

temporal availability. For instance, the QPE data employed in this study is not available prior to 758 
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2005, limiting our ability to examine TC precipitation for years prior. Other limitations were 759 

apparent because of the spatial resolution of the datasets we used within the exposure, 760 

vulnerability, and resilience analyses. CDC SVI data is only available at the Census tract and 761 

county scale, whereas NRI resilience estimates are only made available for county enumerations. 762 

Future research should concentrate efforts on singular TC hazards and for counties where TC 763 

disaster potential is elevated (i.e., 95th percentile and greater TCDR scores). Doing such will 764 

allow researchers to provide community-specific recommendations that are aimed at TC hazards 765 

that are most likely to affect local populations.  766 
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