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E N V I R O N M E N TA L  S C I E N C E S

A tale of two coasts: Unveiling US Gulf and Atlantic 
coastal cities at high flood risk
Hemal Dey1,2 and Wanyun Shao1,2,3*

Coastal flooding is increasing, with accelerating impacts ahead. Its impact, however, can be mitigated through pro-
active risk management, requiring comprehensive risk assessment. Using the US Gulf and Atlantic Coasts (USGAC) 
as a test bed, this study develops a framework to identify high-risk coastal cities and reveal underlying factors 
under dual-risk scenarios—general flood damage (GFD) and extreme flood damage (EFD). Using historical flood 
damage data and 16 factors representing hazard, exposure, and vulnerability, this study adopts three machine 
learning models—support vector machine, random forest, and multilayer perceptron—to assess flood risk. This 
study identifies eight coastal cities at high flood risk where New York City has the largest population at risk (GFD: 
4.75 million; EFD: 4.40 million) and New Orleans City has the highest relative exposure (~99% under both). Coastal 
flood risk is greatest in low-lying, densely developed urban areas with high drainage density. Overall, this scalable 
framework offers actionable insights for policy-makers to manage floods in other flood-prone regions.

INTRODUCTION
Floods cause substantial losses of lives and damage to infrastructure 
worldwide. According to the Emergency Events Database (EM-DAT), 
between 1900 and 2021, flooding caused 7 million deaths, affected 38 
million people, and resulted in $1.3 trillion in economic losses (1). 
The increasing frequency and severity of flood events are leading to an 
increasing number of people at high risk. Worldwide, ~1.81 billion 
people (23% of the global population) are directly exposed to 100-year 
floods (flood level with 1% annual probability of exceedance). About 
$9.8 trillion in economic activities (12% of the global gross domestic 
product in 2020) is directly located in substantial flood risk areas (2).

In the US, flooding is the costliest natural disaster causing billions 
of dollars in annual losses in property damages and agricultural loss-
es (3). The US has the second-highest economic values at risk from 
floods, with $1.1 trillion in potential assets exposed (2). Research-
ers project that by, 2050, sea levels along US coastlines will rise by 
0.25 to 0.3 m, increasing the risk of severe flooding in major coastal 
cities (4). Along the US Gulf and Atlantic Coasts (USGAC) (Fig. 1), 
hurricane-induced flood risks are increasing due to sea level rise, 
threatening the coastal population and infrastructure (5). Now, about 
30% of counties along the USGAC are at high flood risk, with low 
resilience and high social vulnerability and the risk is projected to be 
elevated in the future (6).

It is thus imperative for coastal communities along the USGAC to 
adopt effective risk mitigation to build societal resilience to flooding. 
Integrated flood risk assessment supports proactive risk management 
as it provides an empirical foundation that is needed to understand 
where risks are concentrated and why they emerge. Flood risk model-
ing plays a critical role in effective risk mitigation as it helps identify 
vulnerable communities and underlying causative risk factors and as-
sess potential damages (7, 8). The increasing flood risk highlights the 
urgent need to develop a comprehensive flood risk assessment frame-
work. Considering the complexity of flooding impacts, both physi-
cal and social dimensions of factors must be incorporated in this 
comprehensive risk assessment framework (9). This study presents 

such a comprehensive framework for flood risk assessment that inte-
grates hazard, exposure, and vulnerability.

To effectively assess flood risk, it is essential to first establish clear 
definitions. Flood risk refers to the likelihood of a flood event occur-
ring with the potential adverse impacts on society and the environment 
(10–12). It is thus determined by the interplay of three interconnected 
components: hazard, exposure, and vulnerability (13). Hazard refers to 
the probability of flood occurrence, influenced by the natural charac-
teristics of a region (14). Exposure refers to the presence of populations, 
their infrastructures and resources that are exposed to potential flood-
ing (15). Vulnerability refers to the preexisting socioeconomic condi-
tion that hinders a community from effectively mitigating the adverse 
impacts of a disaster (6). Combining all of them can thus provide more 
precise estimation of flood risk (15).

The recent advancements in geographic information systems, re-
mote sensing, and cloud computing offer a powerful platform for inte-
grating and analyzing geospatial data for flood assessment (1). Various 
methods have been developed using these technologies. These meth-
ods include bivariate statistical models [e.g., frequency ratio (FR)], 
multicriteria decision-making models [e.g., analytic hierarchy process 
(AHP)], physics-based models [e.g., Hydrologic Engineering Center–
River Analysis System (HECRAS)], and machine learning (ML) mod-
els [e.g., random forest (RF)] (7, 16). Each method has its own distinct 
advantages and limitations. Specifically, the FR tends to oversimplify 
the relationship between flood and its causative factors, which could 
cause substantial estimation errors (17); the AHP needs experts’ opin-
ions, introducing biases into the assessment (18); the HECRAS model 
requires large data, substantial computational resources, and, involves 
parameters that take a long time to prepare (16). Despite some limita-
tions such as high data dependency and a lack of interpretability, ML 
models have played an increasingly important role in flood risk assess-
ment by offering better performance, cost-effective solutions, and 
flexible and faster processing compared to conventional approaches 
(7, 19). They can effectively capture nonlinear relationships and com-
plex interactions between flood occurrence and flood contributing 
factors without requiring expert opinions or incurring high computa-
tional cost (17, 20). In addition, explainable artificial intelligence 
(XAI) techniques, such as the Shapley additive explanations (SHAP) 
model, can help interpret these ML predictions by analyzing the 
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contribution of factors and identifying the most influential drivers on 
flood risk (21). Thus, they have gained widespread popularity in flood 
risk assessment in the past two decades.

To date, numerous ML models have been used to predict flood 
hazards, including linear models such as logistic regression (22) and 
support vector machine (SVM) (23); ensemble tree–based models 
such as decision tree (24), RF (17), XGBoost (14), and LightGBM 
(12); and neural network models including artificial neural network 
(ANN) (25) and convolutional neural network (CNN) (26). Corre-
spondingly, this study uses three widely popular ML models—SVM, 
RF, and multilayer perceptron (MLP)—representing the linear, tree-
based, and neural network algorithm families, respectively, to evalu-
ate and compare their predictive accuracies (Fig. 2).

The predictive accuracy of ML models in flood risk modeling 
largely depends on the training process. Although researchers com-
monly use historical flood inundation data as the target variable and 
relevant flood risk factors (FRFs) as predictors to train the models, 
flood inundation data that are solely derived from Sentinel-1 SAR can 
lead to inaccuracies in predictions due to several limitations, includ-
ing the absence of peak flood-time imagery, speckle noise, unclear 
water boundaries, and interference from vegetation and urban areas 
(27). Many recent studies (6, 20, 28) strongly advocate for incorporat-
ing historical flood damage data along with their precise damage lo-
cations and level of severities to train ML models. Moreover, many 
recent studies emphasize that a comprehensive flood risk assessment 
should integrate a wider range of factors beyond hydrologic hazard 

data (29, 30). Incorporating factors representing both exposure and 
vulnerability alongside hazard data can build more accurate and op-
erational flood risk models (3, 6, 20).

Despite increasing awareness, few studies have integrated precise 
historical flood damage data with a comprehensive set of risk factors 
encompassing hazard, exposure, and vulnerability in flood risk model-
ing. Although previous research on the US coastal flood risk has made 
important contributions, several key gaps remain to be addressed. The 
National Risk Index (NRI) applied k-means clustering, an unsuper-
vised clustering algorithm, analyzing data at the census tract level 
across the contiguous US (CONUS) but heavily relied on aggregated 
indices with notable methodological limitations (31). Ohenhen et al. 
(4) estimated potential flood inundation across 32 major US coastal 
cities by integrating vertical land motion and elevation datasets with 
sea level rise projections yet excluded critical risk factors, especially 
exposure and vulnerability. Sajjad et al. (6) assessed flood risk at the 
county level under current and future scenarios, yet their framework 
was restricted to hazards, vulnerability, and resilience, excluding expo-
sure. Yarveysi et al. (31) analyzed flood risk at the census block group 
level along the Gulf Coast but only included precipitation probability 
and storm surge height to represent hazard, which fails to consider a 
full range of nonlinear interactions among multiple hazard drivers. 
There is thus an urgent need for a comprehensive flood risk assessment 
framework that (i) incorporates observed flood damage data rather 
than proxies; (ii) distinguishes between general and extreme flood 
risks at fine spatial scales; (iii) includes a wide range of FRFs, fully 

Fig. 1. Study area map. (A) 100-mile buffer zones from the US Gulf and Atlantic coastlines. (B) Elevation map of the USGAC. (C) Location of the USGAC in the context of 
the CONUS.
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capturing the interactions among hazards, exposure, and vulnerability; 
and (iv) identifies the key drivers of risk among at-risk USGAC cities 
while providing specific policy recommendations.

In particular, the present study develops a robust and comprehen-
sive dual-scenario framework that uses precise flood damage data as 
target variables under two scenarios: general flood damage (GFD; 
property damage at all severity levels) and extreme flood damage (EFD; 
fully destroyed properties only) and a comprehensive set of FRFs 
(Fig. 2). By distinguishing between these two outcomes, the framework 
reveals more nuanced spatial patterns and underlying drivers of flood 
risk. In particular, this study unveils top at-risk cities along the USGAC 
by estimating potential exposure under GFD and EFD scenarios, com-
plemented by a comparative analysis of top two at-risk cities with policy 
recommendations for long-term risk mitigation.

This framework combines advanced ML techniques with multidi-
mensional data to provide more accurate flood risk predictions, which 
is scalable and replicable to other regions prone to flooding. The re-
sulting flood risk map, produced by this framework, can serve as a 
data-driven foundation for informed decision-making, enabling policy-
makers to prioritize interventions, allocate resources efficiently, and 
design targeted adaptation and mitigation strategies for future flood 
scenarios under different levels of potential damage. By facilitating im-
proved flood management, this framework contributes to strengthening 
community resilience worldwide. In addition, the policy guidance of-
fered through this study supports the development of resilient coastal 
communities capable of effectively responding to flood hazards.

RESULTS
ML model’s accuracy test
The receiver operating characteristic area under the curve (ROC-
AUC) reveals that all ML models achieve high performances under 
both flood damage scenarios, where RF and MLP have a score of 0.99 
and an SVM score of 0.97 (Fig. 3, A and B). Because RF and MLP have 
identical ROC-AUC scores, the study further evaluates these ML mod-
els using additional metrics including accuracy, precision, recall, F1 
score, kappa score, and Jaccard score. On the basis of the average of 
these metrics score, RF performs the best, with an average score of 0.95 
under the GFD scenario and 0.96 under the EFD scenario, followed by 
MLP with the mean scores of 0.93 under GFD and 0.94 under EFD 
whereas with an SVM score of 0.89 in both cases (Fig. 3, C and D). 
Therefore, this study adopts the RF model for further analysis.

Flood risk maps of the USGAC under GFD and EFD
The analysis reveals a concerning trend in the distribution of flood 
risk zones along the USGAC. Although a small portion of the area 
within a buffer zone of 100 miles (≈160.934 km) of the USGAC falls 
under high or very high flood risk, a substantial number of popula-
tion is concentrated in the high-risk area. Under the GFD scenario, 
1.1% of the area (10,083.75 km2) is classified as at very high risk with 
16.7% of the population (17.52 million people). A total of 3.5% of 
the area (30,798.51 km2) is classified as at high risk, where 16.21% of 
the population (17.02 million) live. A total of 8.6% of the area 
(76,217.75 km2) and 20.4% of the population (21.47 million) are 

Fig. 2. Conceptual framework. 
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classified as at moderate risk (Fig. 4A). Under the more severe EFD 
scenario (Fig. 4B), only 0.5% of the area (4,678.88 km2) is at very high 
risk, yet 4.1% of the population (4.29 million) lives there. High-risk 
zones expand to 3.9% of the area (34,621.13 km2), with 19.5% of the 
population (20.49 million). Moderate risk areas cover 13.6% of the 
area (120,120.62 km2), with 31.1% of the population (32.66 million).

Coastal cities that are at high flood risk
The analysis further identifies eight coastal cities, namely, New York, 
NY; Norfolk, VA; Charleston, SC; Jacksonville, FL; Miami, FL; Mo-
bile, AL; New Orleans, LA; and Houston, TX, that are at very high or 
high flood risk. Table 1 demonstrates the percentage of area, total 
exposed population, the percentage of exposed population, the 
number of exposed buildings, and the percentage of exposed build-
ings under both the GFD and EFD scenarios for these eight cities.

In terms of total exposed population, New York, NY ranks first 
under both scenarios, with ~4.75 million people exposed under 
GFD and 4.40 million under EFD. Houston, TX is second, with 0.6 

million exposed under GFD and 1.35 million under EFD. Jackson-
ville, FL is third, with 0.68 million exposed under GFD and 0.43 
million under EFD [Fig. 4D(i)]. By percentage of exposed popula-
tion within each city, New Orleans, LA ranks first, with 98.97% un-
der the GFD scenario and 98.11% under EFD. Miami, FL is second, 
with 84.60% of its population exposed under GFD and 57.78% un-
der EFD. Norfolk, VA is third, with 83.45% exposed under GFD and 
56.94% under EFD [Fig. 4D(ii)].

In terms of total exposed human infrastructures, New York, NY 
has the highest number of buildings at high flood risk, with ~0.23 
million in the GFD scenario and 0.21 million in the EFD scenario. 
The second-highest is Jacksonville, FL with 0.21 million buildings in 
the GFD scenario, whereas Houston, TX ranks second in the EFD 
scenario with 0.2 million buildings (Table 1). In terms of the per-
centage of exposed human infrastructure, New Orleans, LA has the 
highest proportion of buildings at high flood risk, with 99.52% in 
the GFD scenario and 99.35% in the EFD scenario (Table 1). Miami, 
FL ranks second, with 96.42% under GFD and 65.86% under EFD.

Fig. 3. Performance evaluation of ML models under different flood damage scenarios. (A) ROC-AUC under the GFD scenario. (B) ROC-AUC under the EFD scenario. 
(C) Multiple evaluation metrics under the GFD scenario. (D) Multiple evaluation metrics under the EFD scenario.

D
ow

nloaded from
 https://w

w
w

.science.org on June 21, 2026



Dey and Shao﻿, Sci. Adv. 12, eaec2079 (2026)     22 April 2026

S c i e n c e  A d v a n c e s  |  R e s e ar  c h  A r t i c l e

5 of 13

Underlying factor analysis
The SHAP analysis reveals that elevation, drainage density, population 
density, precipitation, building height, and distance from river or coast 
are the top six underlying factors for both GFD and EFD scenarios.

Under the GFD scenario, low elevation emerges as the primary 
factor increasing flood risk, followed by high drainage density and 
high population density (Fig. 5A), because low-lying areas are inher-
ently more susceptible to any level of flooding, reinforcing the foun-
dational role played by topography in determining flood risk. On the 
other hand, under the EFD scenario, high drainage density is the pri-
mary contributor followed by low elevation and high population den-
sity (Fig. 5B). Drainage density is defined as the total length of streams 
and rivers per unit of watershed areas. High drainage density means 
that water encounters a channel quickly after rainfall, resulting in 
shortening water travel time, accelerating runoff concentration, and 
rapid rises in streamflow. Watersheds with high drainage density are 
often observed to have impermeable soil, shallow bedrock, steep 

slopes, and extensive impervious surfaces. The regions characterized 
by extensive and complex drainage networks are more prone to cata-
strophic flooding, although drainage density itself is not inherently 
detrimental. Rather, human interventions and overburdened man-
made infrastructure within high-drainage regions amplify the po-
tential risk for EFD as they fundamentally alter the landscape that 
determines how quickly and efficiently rainfall is converted into sur-
face runoff and delivered to stream channels. Population density con-
sistently ranks the third most powerful factor in both scenarios, 
indicating that concentrated human settlements can increase societal 
exposure to flood damage, regardless of event severity.

DISCUSSION
This study presents a robust and comprehensive framework for flood 
risk modeling by integrating historical flood damage data with a com-
prehensive set of FRFs under dual scenarios—GFD and EFD—using 

Fig. 4. Flood risk distribution along the USGAC. (A) Flood risk map (FRM) under the GFD scenario. (B) FRM under the EFD scenario. (C) Combined bar chart of the total 
and percentage of exposed population in at-risk cities across the USGAC. (D) Top cities where substantial population and infrastructure are exposed to very high and high 
flood risk: (i) top three cities in terms of total exposed population and (ii) top three cities in terms of percentages of exposed population.
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geospatial artificial intelligence (GeoAI) techniques. This approach 
unveils top flood-risk cities along the USGAC and reveals the under-
lying factors of flood risk in both scenarios. This discussion section is 
organized into five parts. First, it discusses the nuanced differences 
between top underlying factors in dual flood damage scenarios. Sec-
ond, it highlights the major flood-risk cities along the USGAC. Third, 
it presents a comparative analysis of two major flood-risk cities located 
on two different coasts. Fourth, it offers some policy recommendations 
on mitigating flood risk in major flood risk cities. Last, it discusses the 
limitations of this study.

Underlying FRFs
Under both scenarios, the most influential variables include eleva-
tion, drainage density, population density, precipitation, building 
height, and distance from rivers and the coast. For the GFD sce-
nario, low elevation is the most critical factor, whereas high drainage 
density plays the primary role for EFD (Fig. 5). Previous research 
(9, 32–36) consistently found that low elevation (as water natu-
rally flows from higher to lower altitude regions), high precipitation 
(which can overwhelm drainage systems with large volume of wa-
ter), and proximity to water bodies (which increases exposure to 

Table 1. Estimated areas, populations, and buildings at very high and high flood risk in the most at-risk cities along the USGAC. 

Vulnerable 
cities

GFD-FRM EFD-FRM

Areas (%) Popula-
tions

Popula-
tions (%)

Buildings Buildings 
(%)

Areas (%) Popula-
tions

Popula-
tions (%)

Buildings Building 
(%)

New York, NY 54.2 4,752,243 53.99 232,269 50.85 45.75 4,396,867 49.96 215,956 47.28

Norfolk, VA 88.13 197,200 83.45 54,165 80.77 63.45 134,552 56.94 32,948 49.13

Charleston, 
SC

67.08 123,328 66.10 39,978 83.89 39.76 104,179 55.84 17,973 37.71

 Jacksonville, 
FL

47.73 679,251 68.23 219,494 70.20 36.65 426,846 42.87 130,677 41.79

 Miami, FL 90.01 376,311 84.60 58,735 96.46 72.92 257,020 57.78 40,105 65.86

 Mobile, AL 38.94 71,357 32.71 32,696 40.74 55.36 102,342 46.91 41,990 52.32

New Orleans, 
LA

52.5 380,057 98.97 128,962 99.52 69.1 376,751 98.11 128,758 99.35

Houston, TX 26.35 599,371 26.23 108,629 26.84 48.47 1,348,627 59.01 207,034 51.15

Fig. 5. SHAP analysis. (A) Ranks of underlying FRFs for GFD. (B) Ranks of underlying FRFs for EFD. The x axis represents SHAP values, where positive values indicate a 
higher contribution to flood risk and negative values indicate a lower contribution. The primary y axis lists the FRFs, whereas the secondary y axis shows the corresponding 
value ranges of these FRFs. Red points represent higher FRF values, whereas blue points represent lower values.
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riverine flooding or storm surge) played major roles in flood risk. 
These findings are extensively documented around the world, such as 
in Adana Province, Turkey (32); Harris County, Texas (9); West Bengal, 
India (33); Slovakia (33); Bangladesh (34); and Kunming, China 
(35). This study further reveals that, under the EFD scenario, high 
drainage density is the dominant factor. The occurrence of EFD is 
influenced by several hydrodynamic factors such as high discharge 
velocity, rapid surface runoff, and flood depth. Areas with high drain-
age density tend to experience faster surface runoff and higher peak 
discharge because high drainage density facilitates rapid water flow 
to channels after a rainfall (36). Consequently, the probability of EFD 
increases within highly developed urban areas located in dense natu-
ral drainage networks. Although high natural drainage networks can 
generally mitigate flooding by efficiently directing water toward riv-
ers and the ocean after heavy rainfall events, this protective effect is 
often compromised in urbanized landscapes. The construction of 
impervious infrastructures, such as roads, parking lots, and build-
ings, can disrupt natural drainage systems by filling wetlands or ob-
structing flow paths. This forces floodwaters to interact with built 
structures, reduces infiltration, accelerates runoff, and produces larg-
er flood volumes with shorter times to peak (37). As a result, such 
conditions exacerbate the impact on human infrastructure, leading 
to extreme damage and substantial economic losses. Moreover, flood 
risk is particularly high in regions with dense drainage networks that 
are also densely populated with low-quality buildings, such as single-
story wooden structures (38).

Major flood-risk cities
This study identifies high flood risk zones along the USGAC and re-
veals that, although a small portion of the area is classified at high 
flood risk, a large portion of the population lives there. These findings 
indicate that flood risk is particularly high in densely populated cities. 
A recent study (4) projected that, by 2050, major cities along the 
USGAC will face 1301 to 1777 km2 of additional high-tide flooding, 
affecting millions of people and properties, and placing $28 billion to 
$85 billion in property value at risk. Another study (31) highlighted 
that 60% of the census blocks are experiencing high to very high flood 
risk adjacent to of the Gulf Coast. These findings altogether highlight 
the urgent need to strengthen flood protection measures in major 
flood-prone cities across the USGAC. Some major cities such as New 
Orleans, New York, Houston, and Mobile are at high risk under both 
scenarios, demanding prioritized attention from policy-makers. By 
contrast, some cities such as Charleston, Norfolk, Jacksonville, and 
Miami are at high risk under the GFD scenario, but their risk levels 
decrease notably in the EFD case.

A tale of two cities
This study identifies two major flood-risk cities along the two coasts: 
New York (NYC), which has the largest exposed populations and 
buildings, and New Orleans (NOLA), which has the highest percent-
age of exposed population and building. Despite their distinct geo-
graphic locations, climates, topographies, and social-demographic 
compositions, both cities share a grim reality: a high risk of flooding.

NYC is among the top 10 cities worldwide in terms of assets ex-
posed to coastal flooding, with nearly 15% of its area in the 100-year 
flood zone (39). The flood condition has been intensified by both 
natural characteristics and anthropogenic factors (40). Tropical cy-
clones bring a combination of heavy rainfall and storm surge, over-
whelming the city’s largely paved drainage systems. This increased 

hurricane-induced flood risk leads to severe impacts on both human 
communities and ecological systems (6). Two recent hurricanes, Hur-
ricane Sandy (2012) and Hurricane Ida (2021), caused severe casual-
ties and infrastructure damages (41). This is largely due to dense urban 
development replacing natural drainage with impervious surfaces, 
which increases surface runoff, reduces infiltration, and overwhelms 
sewer systems, leading to frequent pluvial flooding. Meanwhile, grad-
ual sea level rise impedes the drainage of tidal rivers and streams, in-
creasing fluvial flood risk. In addition, historical development on 
landfill over tidal marshes and nearshore zones, along with extensive 
dredging in areas like Jamaica Bay, has made the city highly vulnerable 
to coastal flooding (11). Land subsidence at a rate of 1 to 2 mm/year, 
caused by excessive groundwater pumping and dredging, exacerbates 
overall flood risk (40). Together, these factors make New York City at 
high risk of multiple forms of flooding.

In addition to its physical and infrastructure characteristics, NYC’s 
highly dense population (~8.8 millions) with high social vulnerability 
amplifies the potential impacts of flooding. A substantial proportion 
of residents are identified as socially vulnerable groups, including 
low-income households, economically disadvantaged minority com-
munities, immigrants, and elderly individuals, all of whom face dis-
proportionate flood-related risks (39, 41).

Greater New Orleans (NOLA) is bordered by the Mississippi River, 
Lake Pontchartrain, and the Gulf of America, surrounded by extensive 
wetlands and natural drainage networks (42). Situated in a bowl-
shaped basin largely below sea level, the city experiences mean and 
maximum subsidence rates of ~6.4 and ~33 mm/year (43). It experi-
ences heavy rainfall due to climate change with an average of 1623 mm 
(64 inches) of annual precipitation and high storm surge (44). Its 
drainage entirely relies on pumps to evacuate water because gravity 
drainage is limited by its bowl-shaped low elevation (42, 45). These 
physical conditions of this city make it highly susceptible to flooding.

NOLA has recently experienced multiple high-impact floods, 
with Hurricane Katrina (2005) being the most notable, which drew 
widespread attention for the severe damages and losses (46). Its 
history with social inequality and racial injustice exacerbated the 
impact of Hurricane Katrina and slowed the recovery. Vulnerable 
groups such as people living in poverty and those with less educa-
tion and low housing quality were heavily affected (44, 47). For in-
stance, the highest damage was observed in places where most of 
the residential buildings were built on wood materials with less re-
sistance to flooding (38). Socially disadvantaged groups inhabit the 
city’s low-lying areas, where their vulnerability exacerbates the im-
pacts of flooding (48). According to the First Street Foundation 
(49), 30 years from now, a 100-year flood event is projected to affect 
148,952 properties that represent 99.6% of all properties in NOLA. 
These findings closely align with our results, showing that nearly all 
residents (~99%) in New Orleans are at high risk of flooding under 
both scenarios (GFD and EFD).

To conclude, NYC’s flood risk is shaped by multiple interacting 
factors. Dense urbanization limits the availability of permeable sur-
faces, which reduces natural water absorption and increases surface 
runoff during heavy rainfall. Aging and overburdened infrastruc-
ture further exacerbates the problem as drainage and sewage sys-
tems struggle to cope with extreme precipitation events that are 
becoming more frequent under climate change. Land subsidence 
caused by dredging and groundwater pumping contributes to a 
gradual lowering of land elevation, exacerbating the city’s long-term 
vulnerability to sea level rise. By contrast, NOLA faces an even more 
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acute flood risk due to its unique geographic and environmental 
conditions. The city’s low-lying and bowl-shaped topography places 
much of its land below sea level, exposing it to flooding from storm 
surge, river overflow, and heavy rainfall. To make things worse, the 
city is surrounded by dense water bodies and wetlands networks, 
while offering some natural protection, can be overwhelmed during 
extreme events. NOLA’s heavy reliance on engineered defense sys-
tems such as pumps and levees add one more layer of vulnerability 
as a weak link in the entire system can lead to catastrophic flooding. 
Compounding these risks, the city experience one of the highest rates 
of land subsidence in the US, further lowering elevation and intensi-
fying the impacts of sea level rise. Together, the combination of ur-
banization, infrastructure pressure, and land subsidence in NYC, 
alongside the extreme geographic and social structural profiles of 
NOLA, make both cities among the most at risk of flooding in gen-
eral and severe flooding in particular in the US.

Policy recommendations
To effectively mitigate flood risk in densely populated coastal cities 
like New York and New Orleans, an integrated policy approach is 
required that actively engages local stakeholders. Such policies should 
restrict further urban development in high-risk zones while promot-
ing the systematic incorporation of nature-based solutions including 
green and blue infrastructure alongside traditional gray infrastruc-
ture within flood risk mitigation planning (39, 50).

Green infrastructure can play a vital role in reducing surface flood-
ing by replacing impervious surfaces with permeable alternatives such 
as grasslands, rain gardens, bioswales, and lawns. For example, park-
ing lots are typically constructed using impervious concrete, which 
can be replaced with permeable concrete or grass tiles, allowing rain-
water to infiltrate directly into the soil. In addition, vegetated infiltra-
tion strips and bioswales can be implemented along the roadway or 
sidewalk to further slow surface runoff and reduce peak flows, where-
as street tree plantation can further enhance soil infiltration through 
their root systems and increase evapotranspiration by intercepting 
rainfall through their canopies. Collectively, these green infrastructure 
practices can substantially reduce surface runoff before it overwhelms 
urban drainage systems.

Blue infrastructure, including natural wetlands, river floodplains, 
and estuaries, should be restored and strategically connected to urban 
drainage and sewerage networks. Rain-fed peatlands, bogs, swamp 
forest, and marshland can function as natural sponges, absorbing and 
gradually releasing rainfall, whereas river floodplains, fens, and wet 
meadows can act as large water storage of surface water runoff from 
surrounding the city. Restoring wetlands and river floodplains and 
linking them with urban drainage systems can facilitate faster dis-
charge of floodwaters from cities following extreme events. Large 
coastal cities surrounded by extensive waterbodies, river networks, 
and wetlands, such as New Orleans and New York, can particularly 
benefit from these blue infrastructure practices. In addition, tempo-
rary water storage systems can help mitigate sewage overflows during 
extreme precipitation events.

Gray infrastructure such as levees, dikes, floodgates, embank-
ments, and seawalls remains essential but should be complemented 
rather than replace nature-based solutions. In addition, efficiently 
designed pumping and sewer systems need to be further enhanced 
to ensure the rapid evacuation of floodwater. In parallel, flood com-
munication systems, including early warning and public alert tools, 
should be strengthened and modernized. Reducing false alarms 

must be prioritized to improve public trust, response effectiveness, 
and overall risk perception.

In particular, in New Orleans, where unique geography and 
severe land subsidence amplify long-term risks, managed retreat 
should be on the policy agenda for the riskiest areas to minimize 
future exposure. Last, building resilient communities through sus-
tainable public education and targeted urban planning is vital for 
strengthening adaptive capacity and reducing the impacts of in-
creasing flood risk.

Limitations
We need to acknowledge several limitations. First, the ML models 
rely on historical flood damage data as the target variable, which may 
not fully capture future dynamics under climate change. In addition, 
incorporating more flood damage locations from a larger number of 
flood events spanning broader spatial and temporal extents would 
further improve ML model training and robustness. Second, al-
though ML models have achieved strong predictive performances, 
this data-driven approach, without considering the underlying com-
plex physical process, is highly subject to the quality of data and se-
lection of risk factors. Third, the analysis is made on two scenarios 
(GFD and EFD), which does not account for a spectrum of scenarios 
such as the cascading impacts of compound flooding. Overall, the 
framework’s scalability beyond the USGAC requires careful adapta-
tion to local contexts.

Future research should incorporate additional flood damage lo-
cations from a larger number of events across broader spatial and 
temporal scales. Integrating climate projections can help capture the 
future dynamics of flood risk, whereas including compound flood 
events can provide a more comprehensive assessment. In addition, 
complementing data-driven ML models with physics-based models 
can enhance the robustness and reliability of predictions.

MATERIALS AND METHODS
This study primarily required two key elements: flood damage data 
and FRFs, both of which were integrated into the ML models (Fig. 2). 
Here, we used flood damage data as target variables and FRFs as pre-
dictor variables. The methodological process of this study is briefly 
described below.

Flood damage data
Flood damage refers to the destruction and physical impacts to human 
structures caused by floodwater inundation. It can be classified as di-
rect (from physical contact with floodwater) and indirect (secondary 
impacts occurring across time or space) damage (8). This study used 
direct flood damages to human structure/properties from the Federal 
Emergency Management Agency (FEMA) website (https://disasters-
geoplatform.hub.arcgis.com/pages/historical-damage-assessment-
database). However, this website contains damaged data that occurred 
due to flooding, hurricane winds, and multievent impacts. For this 
study, we initially filtered out all structural damage points associated 
with hurricane winds and multievent events within the study area. 
Then, we selected a total of 52,710 flood damage locations, including 
all levels of damages, i.e., affected, minor, major, and destroyed, as the 
target variable for the GFD scenario, whereas we used a subset of 
19,272 destroyed locations as the target variables for the EFD scenario 
(Fig. 6A). Here, we classified affected, minor, and major damage to hu-
man structures based on indicators such as missing floor segments, 
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failure of structural elements, and other visible damage, whereas we 
classified destroyed structures as fully collapsed based on post-event 
image analysis or FEMA flood depth grid modeling.

These flood damage locations were associated with multiple recent 
major flood events including 2012 Hurricane Isaac, 2012 Hurricane 
Sandy, 2016 Hurricane Hermine, 2016 Hurricane Matthew, 2016 
Louisiana Flood, 2017 Hurricane Harvey, 2017 Hurricane Irma, and 
2017 Hurricane Nate. We labeled flood damage points as 1. We ran-
domly generated non–damage points throughout the study area and 
labeled them as 0. We combined these two sets of points into a single 
sample set for each scenario. We used these sample points locations to 

extract their corresponding values for all the predictors variables 
(FRFs). Then, we used 70% of the sample data to train the ML models 
and 30% for testing (Fig. 2).

Flood risk factors
A variety of factors, including topography, precipitation pattern, 
geological features, vegetation cover, and anthropogenic features, 
play a critical role in shaping flood dynamics, either through direct 
or indirect influence. They are known as FRFs (25). On the basis of 
extensive literature review, we selected a total of 16 FRFs, including 
eight hazard-related factors (Fig. 6B), three exposure-related factors 

Fig. 6. Flood damage data and FRFs used in this study. (A) Locations of flood damage along the USGAC. Yellow dots represent the locations of the GFD location, 
whereas red dots represent the locations of the EFD location. (B) FRFs from hazard. (C) FRFs from exposure. (D) FRFs from vulnerability.
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(Fig.  6C), and five vulnerability-related factors (Fig.  6D). We col-
lected these FRFs from multiple reliable sources and processed us-
ing platforms including Google Earth Engine, Python, and ArcGIS 
Pro (Table 2). To maintain consistency in scale and spatial extent, we 
resampled all FRFs to a 250-m resolution and projected them to the 
World Geodetic System 1984 coordinate system. We also conducted 
a multicollinearity analysis to assess correlations among the vari-
ables. On the basis of a threshold of ±0.8, we identified no severe 
correlations among FRFs.

Performance evaluation and uncertainty test of ML models
We adopted three supervised ML models: SVM, RF, and MLP, which 
represent the linear, tree-based, and neural network algorithm fam-
ilies, respectively, in this study. To identify the best-performing ML 
model, we first applied the ROC-AUC, a widely accepted metric for 
assessing predictive accuracy that measures the AUC formed by 

plotting the true-positive rate against the false-positive rate (51), to 
the testing set to compare model performance in flood risk predic-
tion. Following that, we conducted a comprehensive evaluation using 
multiple performance metrics, including accuracy, precision, recall, 
F1 score, kappa score, and Jaccard score, to ensure rigorous model 
validation. We then selected the best-performing ML model (RF 
model) based on the highest average score across all evaluation met-
rics, including ROC-AUC (Fig. 7).

The uncertainty test is crucial but often overlooked in flood mod-
eling. Because it directly influences the reliability and accuracy of re-
sults and decision-making, a robust framework is essential to assess 
and reduce uncertainty in flood research (52). We used the Shannon 
entropy algorithm to assess the uncertainty of the best-performing 
ML model (RF model). This algorithm has several applications across 
scientific fields, including the measurement of uncertainty or ran-
domness of probability distribution (53). On the basis of the analysis, 

Table 2. List of FRFs from hazard, exposure, and vulnerability with descriptions and data sources. 

FRFs Descriptions Source Spatial 
resolution

Temporal 
resolution

Band

Hazard Elevation (DEM) Elevation substantially influences surface runoff 
and flow toward low altitude regions during 

flood.

NASA/USGS/ 
SRTM V003

30 m 2000 (last 
updated in 

2015)

elevation

 Slope Slope influences the speed and direction of 
floodwater to accumulate.

DEM 30 m – –

 Precipitation Precipitation is the primary source of floodwater, 
which led rivers to overflow and inundate nearby 

floodplains.

PRISM/ 
OREGON STATE

928 m 1991–2020 ppt

NDVI Vegetation covers hinder surface runoff and pro-
motes infiltration and percolation processes.

Landsat 8 30 m 2010–2022 B4, B5

 Distance from water Distance from waterbodies affects flood extent 
and severity as the regions close to river and 

coast are more prone to inundation.

USA Detailed 
Water Bodies

Polyline 2023 –

TWI TWI refers to the spatial distribution of wetness 
across a region that affects surface flow.

DEM 30 m – –

 Drainage density Drainage density, the ratio of the total channel 
length to basin area, influences surface runoff 

and overall water discharge.

DEM 30 m – –

 Soil moisture Soil moisture, the percentage of water in the soil 
that affects both percolation and surface runoff.

Open Land Map 250 m 2019 b0 (at 0-cm 
depth)

Exposure  Population density Population density refers to the number of popu-
lations living within a certain area.

CDC/ATSDR Census tracts 2020 –

 Building height Building heights refers to the average height of 
buildings in block groups.

USGS Block groups 2016  –

 Distance from roads Dense roads make an impermeable surface 
that prevents water percolation and speeds up 

surface runoff.

US Census Bureau/
TIGER

Polyline 2023 –

Vulnerability  Age below 5 The percentage of the population aged under 5 
years old.

US Census Bureau Census tracts 2020 –

 Age above 65 The percentage of the population aged above 65 
years old.

CDC/ATSDR Census tracts 2020 –

No high school 
diploma

The percentage of population with no high 
school diploma (age 25+).

CDC/ATSDR Census tracts 2020 –

 Below poverty The percentage of population below 150% 
poverty.

CDC/ATSDR Census tracts 2020 –

 Minorities The percentage of minorities (Hispanic, African 
American, American Indian, Alaska Native, Native 

Hawaiian, and so on).

CDC/ATSDR Census tracts 2020 –
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only 11.7% of the test samples showed high entropy (>0.5) under the 
GFD scenario and 9% under the EFD scenario (Fig. 8, A and B). The 
uncertainty maps indicate that most regions in the USGAC had low 
entropy (<0.2) in both cases (Fig. 8, C and D), which demonstrate the 
reliability of the RF model. We conducted the entire process in Py-
thon in Jupyter Notebook.

Dual-scenario flood risk mapping
We selected the best-performing RF model to predict dual-scenario 
flood risk probabilities along the USGAC. We conducted the entire 
workflow was conducted in Python using a Jupyter Notebook envi-
ronment. We generated the predicted values, referred to as the flood 
risk index (FRI), for both GFD and EFD scenarios and exported in 

Fig. 7. Flowchart of the process of selecting the best ML model. 

Fig. 8. Uncertainty test using Shannon entropy. (A) Histogram of Shannon entropy values for GFD test samples. (B) Histogram of Shannon entropy values for EFD test 
samples. (C) Uncertainty map based on Shannon entropy for GFD. (D) Uncertainty map based on Shannon entropy for EFD.
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GeoTIFF format. The FRI values range from 0 to 1, where values 
close to 0 represent low risk and values close to 1 indicate high risk. 
We then classified these FRI values classified into five different risk 
categories—very high, high, moderate, low, and very low—using 
natural break classification methods. Last, we prepared flood risk 
maps for both scenarios and tabulated results.

Unveiling flood-prone coastal cities by estimating 
potential exposure
To identify flood-prone cities along the USGAC, we initially selected 
eight cities based on hotspots of very high and high-risk zones under 
both scenarios. Then, we used city boundary shapefiles to clip the 
raster files, merged the very high and high-risk zones, and converted 
it into vector format (polygon file). Using this merged polygon file, 
we estimated population and building footprints within these high-
risk areas applying the “Select by Location” tool in ArcGIS Pro. To 
estimate the number of exposed populations, we used 2020 US Cen-
sus population data and used Microsoft’s building footprint dataset 
to estimate the number of exposed buildings. On the basis of both the 
absolute exposed population and the percentage of population at 
high flood risk, we selected two cities for further discussion.

Underlying factor analysis
We identified the major underlying factors under both scenarios us-
ing SHAP tools. The SHAP, a powerful XAI tool (54), not only ranks 
the contributions of FRFs but also illustrates how much each factor 
influences the model’s predictions. SHAP summary plots compile 
SHAP values from all instances to show how important each feature 
is for the models’ training (55). We generated the SHAP summary 
plots for both scenarios using Python in Jupyter Notebook.
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