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A B S T R A C T   

Given the rising threat of floods in the U.S, it is of great importance to obtain baseline information by quantifying 
the general exposure of floods and assessing its impact on those likely to bear the eventual cost of flooding. This 
study provides a comparative assessment of the population exposed to flood hazards for the entire Conterminous 
United States and answers the following four fundamental questions: 1) how many people are exposed? 2) who 
are they? 3) how are they distributed? 4) how do the estimations from other floodplains differ from the esti-
mations from FEMA floodplain? In light of the limitations of previous flood exposure studies in the U.S, this study 
uses the recently released Microsoft building footprint dataset to capture the heterogeneity of population dis-
tribution at the micro-level. The population at block group level from ACS 5-year estimates (2013–2017) is 
further disaggregated to residential buildings, identified via NLUD 2010 and OpenStreetMap Land Use polygons. 
A comparative study is then conducted to investigate the 100-year flood exposure from FEMA and from the other 
three publicly available 100-year floodplains. Although the exposure analysis shows varying spatial patterns for 
selected floodplains, it indicates that a large number of exposed residents are found in regions where FEMA 
floodplain product is unavailable, presumably responsible for the uncaptured losses reported from other studies. 
In addition, the inequitably high flood risk experienced by the poor revealed at the national level underscores the 
significance of flood vulnerability studies to emphasize the need for this vulnerable group.   

1. Introduction 

Floods are among the most common natural hazards on Earth. 
Worldwide, one-third of economic losses and more than half of the 
victims are flood-induced [1]. In the U.S, over the past 30 years, the 
flood has caused an average of $8.2 billion in damage each year [2]. In 
the last three years (2016–2018), U.S has seen many billion-dollar 
floods. In 2016, the Houston Flooding (April) introduced an estimated 
cost of $2.9 billion, and in the same year, the Louisiana Flooding 
(August) is responsible for 13 deaths and an economic loss of more than 
$10 billion [3]. In 2017, the California Flooding (February) forced more 
than 188,000 residents to evacuate and resulted in $1.6 billion of 
damage [3]. The year 2017 has also seen historic flooding in Houston 
due to Hurricane Harvey, which damaged over 300,000 structures and 
resulted in 40,000 flood victims [4]. As the costliest hurricane, Hurri-
cane Harvey inflicted $125 billion in damage, and the majority of the 
damage is believed to be flood-induced [5]. The year 2018 was featured 
by two historic hurricanes, Hurricane Michael and Hurricane Florence, 
whose record-breaking rainfall has caused widespread floods in Florida 

and North Carolina, respectively. 
Despite the enforcement of hazard reduction policies, the threat of 

flood is expected to be amplified by many factors including urbanization 
[6], climate change [7], deforestation [8] and the increasing pressure of 
population [9]. Given the rising threat of floods in the U.S, it is of great 
importance to obtain baseline information by quantifying the general 
exposure of floods and assessing its impact on those likely to bear the 
eventual cost of flooding. 

The 100-year floodplain (1% of annual exceedance probability), 
produced by the Federal Emergency Management Agency (FEMA), has 
been the longstanding marker for deciding federal flood insurance, 
housing protective actions, and local mitigation policies since 1968 
[10]. Numerous estimations have been conducted based on the bound-
ary of FEMA 100-year floodplain to estimate the exposure of floods and 
how this exposure is distributed nationwide [9,11,12]. Those estima-
tions, however, greatly differ from each other and are intrinsically 
limited because 1) they failed to capture the great heterogeneity of 
population distribution at micro-level and 2) they failed to compare the 
result derived from FEMA boundary with the results from other 
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floodplain products. 
Firstly, population is distributed with great heterogeneity, even 

within small geographical levels [13] and the aggregated population 
data within the unit, especially within large polygons in rural areas, only 
represent the ground-truth of the total population and do not necessarily 
suggest real population distribution [14]. Commonly used ground-truth 
population in the U.S include U.S Decennial Census (blocks as the 
smallest unit) and American Community Survey (ACS) (block groups as 
the smallest unit). Crowell et al. [11] estimated the exposure of coastal 
floods in the U.S by assuming a uniform distribution of population 
within block groups. Yager et al. [12] assigned the population from the 
U.S Census tract based on the percentage of its blocks covered by FEMA 
floodplain. Wing et al. [2] improved the population distribution 
assumption by disaggregating the population from the Census block 
based on land use types and slope. Another study chose to apply 
modeled km-level population grids by overlaying grid centroids with 
flood hazard maps [15]. Despite their efforts in deriving the population 
within flood hazard zones, they failed to find a proxy that can better 
characterize the population in or out of floodplain at the micro-level. 
Given the small, zigzagging, and rather narrow floodplain polygons, 
great uncertainty might be introduced if heterogeneity of population 
distribution is not well considered. Fortunately, Bing Maps from 
Microsoft released more than 125 million of building footprints covering 
the entire U.S in June 2018 (open-sourced in https://github.com/Mi 
crosoft/USBuildingFootprints), which is believed to be the most 
comprehensive inventory of national building footprint at the time of 
writing. People live in buildings. The direct linkage between the distri-
bution of buildings and the distribution of population largely facilitates 
characterizing population distribution and greatly aids in summarizing 
population residing in a certain boundary. 

Secondly, a comparative study is needed to estimate the exposed 
population to floods, given the numerous limitations of FEMA bound-
aries. FEMA floodplains have been criticized by many as they are only 
partially complete nationwide. Only 55.0% of the counties in the 
conterminous U.S (CONUS) have complete flood map coverage, whereas 
22.7% have no flood map available [9]. In addition, the varying age 
issue of FEMA floodplain has been pointed out as Birkland et al. [16] 
found that approximately 33% of the FEMA maps were more than 15 
years old, and another 30% were 10–15 years old. Despite that this 
problem is being addressed by the Modernization Management Support 
(MMS) program of FEMA, the updating process takes time, and the 
varying age issue can not be fully resolved. In light of the limitations of 
FEMA floodplains, the availability of floodplains from other sources 
provides additional valuable insights on how exposed population is 
distributed as those floodplains were generally derived using varying 
data inputs and methods. Therefore, comparing the estimation from 
FEMA with the estimations from other available floodplain products 
allows us to gain a comprehensive understanding of the exposed popu-
lation in the U.S. 

The objective of this study is to conduct a comparative assessment of 
the exposed population within 100-year floodplains in the CONUS. Our 
study contributes to the literature by resolving the two aforementioned 
limitations. To better capture the heterogeneity of population distribu-
tion at micro-level, national building footprints, trimmed by National 
Land Use Dataset 2010 (NLUD 2010) and OpenStreetMap Land Use 
polygons (details in Section 2.2), are used to disaggregate block group 
population from the latest ACS 5-year estimates (2013–2017). A 
comparative study is conducted by quantifying flood exposure within 
FEMA boundary and within the other three publicly available 100-year 
floodplains (details in Section 2.4). In this study, we intend to highlight 
the potential limitations of FEMA floodplain by comparing it with other 
popular floodplains and by conducting a spatially explicit exposure 
analysis using the national building footprint dataset. The findings from 
this national assessment provide valuable benchmark information 
regarding current flood exposure (100-year flood) in the CONUS by 
answering the following questions: 1) how many people are exposed? 2) 

who are they? 3) how are they distributed? 4) how do the estimations 
from other floodplains spatially differ from the estimations from FEMA 
floodplain from a holistic view? 

2. Datasets 

The major datasets used in this study include 1) Microsoft computer- 
generated national building footprints: to capture population hetero-
geneity within small Census geographical boundary; 2) Census data: to 
serve as aggregated ground-truth population from which building 
footprints can disaggregate; 3) Land use datasets including NLUD 2010 
and OpenStreetMap land use polygons: to trim raw building footprints 
by removing residential-irrelevant buildings before the disaggregation 
process; 4) FEMA floodplain: to serve as baseline flood boundary within 
which statistics are further summarized; 5) Open access floodplain 
products: to compare with the estimates from the official FEMA 
floodplain. 

2.1. Building footprints 

The building footprint dataset used in this study was released by the 
Bing Maps team in June 2018. Relying on Open Source Microsoft 
Cognitive Toolkit (CNTK) and 5 million labeled images from Bing im-
agery, it is reported that the extracted building footprint dataset reaches 
0.7% as commission error and 6.5% omission error nationwide [17]. 
The original dataset consists of a total of 125,192,184 building footprint 
polygon geometries in all 50 U S states in GeoJSON format. After 
confining with the boundary of CONUS (48 states, D.C included), 124, 
828,547 footprints remained. We further projected them to U.S Albers 
equal-area conic projection for the extraction of their proper sizes. 

2.2. Census data 

The Census data used in this study is derived from American Com-
munity Survey (ACS) by the U.S Census Bureau, an ongoing survey that 
regularly gathers vital information about population statistics previ-
ously contained only in the long form of the U.S Decennial Census. Given 
that U.S Decennial Census is issued every ten years, ACS is regarded 
superior to U.S Decennial Census in its better temporal resolution [18] 
and, therefore, more suitable for the estimation of the present popula-
tion exposed to flood in this study. With a 60-month sampling period 
from Jan 1st, 2013 to Dec 31st, 2017, the latest (at the time of writing) 
ACS 5-year estimate (2013–2017) was selected. Its long sampling period 
increases the statistical reliability when examining small geographical 
areas and is believed to be more reliable compared with ACS 1-year and 
ACS 5-year estimates [19]. Due to the fact that the smallest geographical 
unit in ACS 5-year estimates is block group, the U.S block group 
boundary (2017 version) was obtained from Topologically Integrated 
Geographic Encoding and Referencing (TIGER) in shapefile format. A 
total of 266,330 block groups were derived within the boundary of the 
CONUS. 

2.3. Land use datasets 

Buildings in the Microsoft national building footprint dataset are 
with different functionality. To establish a better linkage between the 
distribution of buildings and the distribution of population, we further 
trimmed the raw building dataset by removing footprints that are not 
likely residential before the population disaggregation process. Two 
land use datasets were applied to fulfill this goal: National Land Use 
Dataset 2010 (NLUD 2010) and OpenStreetMap (OSM) land use 
polygons. 

2.3.1. NLUD 2010 
Developed by Theobald [20]; NLUD 2010 aims to provide compre-

hensive, detailed and high-resolution (30 m) land use classification for 
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the CONUS. NLUD 2010 was constructed through the spatial analysis of 
nearly two-dozen publicly available national spatial datasets covering 
housing, employment, infrastructure, and satellite-based land cover 
[20]. It includes 79 land use classes that fit within five main land use 
groups: water, built-up, production, recreation, and conservation (see 
Appendix A). Specifically, the built-up category is further subdivided 
into residential, commercial, industrial, institutional, transportation, 
and miscellaneous. Comparing with U.S Geological Survey (USGS) Na-
tional Land Cover Dataset (NLCD) derived based on remotely sensed 
spectral properties, NLUD 2010 is able to distinguish populated build-
ings and unpopulated buildings as well as other impervious surfaces 
[21]. 

2.3.2. OSM land use polygons 
OSM is a collaborative open-source and open-access project to collect 

geographic information from the public that is free to edit and use. As 
one of the most successful Volunteered Geographic Information (VGI) 
platforms, its large userbase (5.5 million users in the year 2019 [22]) 
provides rich and detailed land use information with decent coverage in 
the CONUS. The OSM land use polygons used in this study were 
retrieved from GEOFABRIK (https://www.geofabrik.de/geofabrik/), a 
company that updates OSM data on a daily basis. OSM land use data was 
downloaded on March 1st, 2019. In the CONUS, there are a total of 1, 
714,072 user-annotated land use polygons with 19 unique land use 
classes (See Appendix B). 

2.4. FEMA 100-year floodplain 

As the primary metric for predicting and acting on the possibility of a 
specific area being inundated by rainfall or wave-based event, FEMA 
100-year floodplain predominantly guides local planning, insurance 
purchases and regional development in the U.S. We chose FEMA 100- 

year floodplain boundary because it is the basis for floodplain man-
agement and the minimum requirement for the participation of local 
governments in the National Flood Insurance Program (NFIP) [10,23]. 
In this study, FEMA 100-year floodplain was obtained from the National 
Flood Hazard Layer (NFHL) provided by FEMA, available from FEMA 
Flood Map Service Center. The NFHL was downloaded on April 1st, 2019 
in ESRI shapefile format. So far, the NFHL has not completely covered 
the CONUS, as floodplain maps for a total of 513 counties (16.51%) in 
CONUS are not available (Fig. 1). 

2.5. Open access 100-year floodplain products 

Three open access and popular 100-year floodplain products were 
selected to serve as comparisons with the FEMA boundary for a 
comparative estimation of the population exposed to a 100-year flood in 
the CONUS. Those 100-year floodplain products were respectively 
termed as RFCON [24], GAR [25], and JRC [26]. RFCON floodplain was 
derived via a random forest classifier using soil characteristics and 
DEM-derivatives. With the classifier trained by FEMA floodplain, 
RFCON presents a spatially complete 100-year floodplain (both flu-
vial/pluvial and coastal) for the entire CONUS, greatly compensating 
the coverage limitation of FEMA floodplain [24]. GAR floodplain was 
developed by the Global Assessment Report (GAR) on Disaster Risk 
Reduction 2015 from the United Nations Office for the Disaster Risk 
Reduction (UNISDR). As an official floodplain issued by the United 
Nations, GAR captures fluvial/pluvial 100-year flood extent on a global 
scale. JRC floodplain was designed by the European Commission Joint 
Research Center (EC-JRC) and was issued in 2016. Similar to GAR, JRC 
mainly considers the extent of fluvial/pluvial floods globally. Other 
details of the three floodplain products used in this study, including 
resolution, floodplain type, coverage, method, source, and flood pro-
tection infrastructures considered in the modeling phase, can be found 

Fig. 1. FEMA 100-year floodplain availability in CONUS at county level (FEMA floodplain retrieved on April 1st, 2019). 100-year fluvial/pluvial (F/P) floodplain in 
the figure include areas with FEMA code zone: A, AE, AH, AO, AR, and A99. The 100-year coastal floodplain includes areas with FENA code zone: V and VE. A county 
can contain both F/P floodplain and coastal floodplain. 
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in Table 1 and in the floodplain associated references. 

3. Methods 

The methodology applied in this study follows the general workflow 
described in Fig. 2. The raw Microsoft national building footprint 
dataset was first trimmed based on two land use datasets: NLUD 2010 
and OSM land use polygons. Buildings that are not likely residential 
were subsequently removed based on the land use types identified in 
those two datasets (Section 3.1). Buildings after the trimming process 
were used to disaggregate population statistics from ACS 2013–2017 at 
block group level to population statistics at building level (Section 3.2). 
Finally, building-level statistics were summarized given the spatial 
relationship between buildings and floodplains and statistics were 
further compared among floodplain products (Section 3.3). 

3.1. Building footprint trimming 

The building footprint trimming process confines population distri-
bution to residential-relevant buildings, thus greatly capturing the het-
erogeneity of population distribution at the micro-level. In NLUD 2010 
dataset, residential (subcategory) was selected (from built-up category), 
which includes: dense urban residential (Code 211), urban residential 
(Code 212), suburban residential (Code 213), exurban residential (Code 
214) and rural residential (Code 215). In addition, highway/railway 
(Code 252) was included as we noticed the existence of residential 
buildings that are very closed to transportation, meaning that those 
residential buildings are likely to fall within highway/railway cells. The 
detailed coding scheme of the NLUD 2010 dataset can be found in 
Theobald [20]. In the OSM land use dataset, land use type “Residential” 
(Code 7203) was selected as it indicates an area of land having pre-
dominantly residential buildings. The building trimming process kept 
building footprints that are within either the aforementioned land use 
type in those two datasets. In addition, we noticed that raw Microsoft 
national building footprint dataset contains many small footprints that 
are not likely habitable (e.g., garages and temporary awnings). To 
remove those small polygons, we empirically set the size of the mini-
mum footprint to be 50 m2. Extra-large footprints that are unlikely 
residential were also removed by a maximum threshold of 5000 m2. The 
analyses in the remainder of the study all used trimmed building 
footprints. 

3.2. Population disaggregation 

We acknowledge that each block group, as the smallest unit of ACS, 
represents a geographical level with homogeneity of aggregated statis-
tics. However, they are spatially distributed with great heterogeneity. 
We assume that the statistics of a certain block group are only confined 
to the building footprints within the block group and are distributed 
proportionally to the size of the building footprint that characterizes the 
horizontal holding capacity of a building. Here, we define the proportion 
a building footprint shares within its block group as S: 

Si
R¼

BFi
sizeP

iBFi
size
ði2RÞ (1)  

where Si
R denotes the share of building i within block group R and BFi

size 
denotes the building footprint size of building i. Note that the disag-
gregation process redistributes population statistics to individual 
building within a block group while preserves the sum of statistics re-
ported at the block group level, i.e., the sum of S within block group R 
equals 1 (

P

i2R
Si

R ¼ 1). The statistics of block group R (PR) are further 

distributed to building i according to its share (Si
R): 

Pi
R¼ Si

R � PR (2)  

where Pi
R denotes the statistics of building i within block group R. The 

statistics aggregated at ACS block group level are also preserved as PR ¼
P

i2R
Pi

R. In this study, PR includes six statistics: age, employment, race, 

ethnicity, tenure, and poverty. Details are presented in Table 2. 

3.3. Spatial query and comparative exposure estimation 

After the disaggregation of statistics of ACS block groups to the 
statistics of the individual building, a spatial query was performed to 
extract buildings that fall within the FEMA floodplain boundary and 
within the other three publicly available floodplain boundaries. Statis-
tics of buildings within floodplains were further summarized in the 
CONUS at the county level to shed light on the distribution pattern of 
current flood exposure in the CONUS. Counties were selected as the unit 
of spatial analysis because they are well-established administrative units 
that share political and governmental functions [9]. Therefore the flood 
exposure derived in this study can be easily linked to available 
county-level socioeconomic records for local government to make better 

Table 1 
Summary of open access 100-year floodplain products used in this study.  

Floodplain 
datasets 
(notation) 

Resolution Year 
issued 

Floodplain 
type 

Coverage Methodsa Sources 

GAR [25] 30 arc- 
seconds 
(1km) 

2015 Fluvial/ 
pluvial 

Global Simulated floodplain  
� River flow generation: regional flood 

frequency approach to estimate flood flows 
from pooled river gauged data  

� Floodplain simulation: flood volume 
redistribution (GLOFRIS) and water elevation 
calculated from flow at a river section 

Global Assessment Report on Disaster Risk 
Reduction 2015 from the United Nations Office 
for Disaster Risk Reduction (UNISDR) 
(https://www.preventionweb.net/english/hy 
ogo/gar/2015/en/home/data.php) 

JRC [26] 30 arc- 
seconds 
(1km) 

2016 Fluvial/ 
pluvial 

Global Simulated floodplain  
� River flow generation: model cascade of 

precipitation time series from global climate 
reanalysis data driving a land surface model to 
produce flows at locations along a river  

� Floodplain simulation: 2D hydrodynamic 
modeling 

European Commission Joint Research Center 
(EC-JRC) (https://data.jrc.ec.europa.eu/collec 
tion/id-0054) 

RFCON [24] 1 arc-second 
(30 m) 

2019 Fluvial/ 
pluvial and 
coastal 

CONUS Trained floodplain based on FEMA  
� Random forest classifier using DEM- 

derivatives and flood-based soil characteristics  
� Random forest model trained by FEMA 

floodplain 

Research data available from the United States 
Environmental Protection Agency (EPA) 
EnviroAtlas (https://www.epa.gov/enviroatlas/ 
enviroatlas-interactive-map)  

a Methods in GAR and JRC are summarized in Trigg et al. [27] and Bernhofen et al. [28]. 
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policies. 
In addition to the spatial difference in flood exposure among 

counties, statistics are likely to vary within the same county because of 
the disparity among the different floodplain products. As the official 
floodplain in the U.S, FEMA floodplain serves as the baseline estimation 
with which estimations from other floodplains products were compared. 
Due to the fact that GAR and JRC mainly estimated fluvial/pluvial floods 
and RFCON estimated both fluvial/pluvial and coastal floods, two 
groups of comparison were consequently designed. Estimations from 
GAR and JRC were compared with estimations from FEMA fluvial/ 

pluvial floodplain (denoted as FEMA (F/P)), and RFCON was compared 
with FEMA fluvial/pluvial floodplain together with FEMA coastal 
floodplain (denoted as FEMA (F/P þ Coastal)). The county-level dif-
ferences in estimations from different floodplain products were stan-
dardized by the county population. Getis-Ord G*

i was further used to find 
potential hot spots. Getis-Ord G*

i is a spatial clustering statistic that 
summarizes statistically significant spatial patterns by looking at each 
feature within the context of neighboring features [29,30]: 

G*
i ¼

Pn
j¼1wi;jxj � x

Pn
j¼1wi;j

S

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

n
Pn

j¼1
w2

i;j �

�Pn

j¼1
wi;j

�2

n� 1

s (3)  

where xj denotes the differences in estimated population exposure in 
proportion to the total population in county j, n denotes the total number 
of counties, wi;j denotes the spatial weight between county i and county j 
(counties within a fixed Euclidean distance that ensures every county 
has at least one neighbor are computed equally), x denotes the mean 

(
Pn

j¼1
xj

n ), and S is calculated as: 
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn

j¼1x2
j

n
� ðxÞ2

s

(4) 

Three significant levels were summarized: α ¼ 0:01, α ¼ 0:05; and 
α ¼ 0:1. They respectively correspond to the identification of hot spots 
(or cold spots) with 99% significance, 95% significance, and 90% 
significance. 

4. Results 

4.1. How many people are exposed? 

In terms of fluvial/pluvial flood (F/P), FEMA (F/P) estimates a total 
of 10.992 million exposed population in the CONUS (Fig. 3). In com-
parison, JRC and GAR respectively estimate 12.091 million and 14.161 
million, 1.099 million and 3.169 million more than the estimation from 
FEMA (F/P) (Fig. 3). It suggests that the estimation of flood exposure 
from FEMA is less than the ones from other official sources like JRC 
floodplain and GAR floodplain. When considering coastal floods, FEMA 
(F/P þ Coastal) estimates that a total of 11.119 million people in the 
CONUS are currently facing the danger of floods, implying that 127 
thousand people currently are exposed to coastal floods (defined as 

Fig. 2. General workflow of estimating the population exposed to 100-year floods in the CONUS using national building footprints.  

Table 2 
Statistics of block group R (PR) included in this study.  

Category Subcategory 

Agea Under 5 
5 to 14 
14 to 25 
25 to 34 
35 to 44 
45 to 54 
55 to 64 
65 to 74 
75 to 84 
Above 85 

Race White 
Black or African American 
American Indian and Alaska native 
Asian alone 
Native Hawaiian and Pacific Islander 
Some other races 
Two or more races 

Ethnicity Hispanic or Latino 
Not Hispanic or Latino 

Employmentb Employed 
Unemployed 

Tenurec Owner Occupied 
Renter Occupied 

Povertyd Under 1.0 (Doing poorly) 
1.00 to 1.99 (Struggling) 
Above 2 (Doing Ok)  

a Age category is modified from ACS 5-year estimates (2013–2017) from 
the U.S Census Bureau. 

b Employment denotes the employment status of the civilian population in 
the labor force 16 years and over. 

c Tenure is counted by households. 
d Poverty denotes the ratio of income to the poverty line. 

X. Huang and C. Wang                                                                                                                                                                                                                        



International Journal of Disaster Risk Reduction 50 (2020) 101731

6

Fig. 3. Age composition exposed to 100-year floodplains in the CONUS.  

Fig. 4. Race composition exposed to 100-year floodplains in the CONUS.  
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FEMA Zone V and Zone VE in Section 2.4). However, the estimation of 
11.119 million facing flood danger by FEMA (F/P þ Coastal) is 890 
thousand shy of the estimation from RFCON (12.080 million), a spatially 
complete 100-year floodplain for the entire CONUS. It indicates that the 
partial coverage of FEMA floodplain potentially limits its capability of 
providing a comprehensive flood exposure analysis in the CONUS as it 
slightly underestimates the exposed population compared with full- 
coverage RFCON floodplain. 

4.2. Who are they? 

4.2.1. Age 
Fig. 3 presents the age compositions of the exposed population in the 

CONUS for two groups of comparisons. Similar age compositions can be 
found from estimations using different floodplain products. The age 
compositions exposed to flood are generally in accordance with the age 
compositions in the entire U.S, indicating that there is no significant age 
bias towards different age groups in terms of flood proneness. When 

flooding occurs, children and the elderly may face a particular set of 
challenges because extremes of the age spectrum affect the movement 
out of harm’s way. FEMA (F/P) estimates that around 1.957 million 
children (under 14) are exposed to a 100-year F/P flood, whereas two 
other official sources like JRC and GAR, estimate 2.342 million and 
2.620 million respectively. Taking coastal floods into consideration, 
FEMA (F/P þ Coastal) estimates a total of 1.971 million children, and in 
comparison, RFCON estimates 2.182 million. As RFCON is spatially 
complete and trained using FEMA floodplain, it means that the gap of 
211 thousand underestimated children by FEMA is primarily due to the 
incompleteness of FEMA floodplain. As for the elderly (above 65), es-
timations from FEMA (F/P) and JRC are similar as they respectively 
estimate 1.878 million and 1.769 million, while GAR estimates a 
significantly higher number, 2.517 million. Considering coastal floods, 
FEMA (F/P þ Coastal) underestimates 132 thousand seniors compared 
with RFCON. 

Fig. 5. Composition of ethnicity, tenure, employment and poverty in FEMA (F/P þ Coastal) with the composition from the entire U.S.  
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4.2.2. Race and ethnicity 
Fig. 4 shows the race composition of the population exposed to the 

100-year flood in the CONUS in two groups of comparisons. Comparing 
three F/P floodplain products, the estimation of GAR differs greatly from 
the other two. In its total exposed population (14.161 million), GAR 
estimates that the White group and the African American group 
respectively consist of 82.9% (11.74 million) and 9.6% (1.36 million). In 
comparison, however, the White group percentages in FEMA (F/P) and 
JRC are considerably lower, 75.5% and 71.7% respectively, and the 
African American group percentages are considerably higher, 12.6% 
and 14.3% respectively. In addition, GAR estimates the exposed Asian 
group to be 150 thousand, significantly lower than estimation from 
FEMA (F/P) (430 thousand) and estimation from JRC (610 thousand) 
(Fig. 4). Considering coastal floods, RFCON overestimates 1.19 million 
of the white group and underestimate 280 thousand of the African 
American group, compared with FEMA (F/P þ Coastal). It is worth 
mentioning that Race compositions in the entire U.S and in FEMA 
floodplains (both FEMA (F/P) and FEMA (F/P þ Coastal)) are highly 
similar in all race groups (Fig. 4), indicating that FEMA estimations 
suggest no racial bias towards flood exposure. Other floodplains, how-
ever, tend to overestimate the white group and underestimate the Af-
rican American group. 

As for ethnicity, the percentage of the Hispanic or Latino group in the 
U.S is 17.6%. This number reaches 24.7% and 24.5% in FEMA (F/P) and 
FEMA (F/P þ Coastal), respectively (Fig. 5), suggesting that the Hispanic 
or Latino group tends to live in FEMA floodplains. However, the per-
centage of the Hispanic or Latino group in the GAR floodplain is 10.3%, 
suggesting otherwise. No bias is found against the Hispanic or Latino 
group in RFCON as it estimates a percentage of 17.7%, quite close to 
17.6%, the percentage of Hispanic or Latino group in the U.S. 

4.2.3. Tenure 
As shown in Figs. 5, 36.2% of all housing units are occupied by 

renters and 63.8% by owners in the U.S. A slightly higher share of units 
occupied by renters is found in floodplains of FEMA (F/P) (38.6%), 
FEMA (F/P þ Coastal) (38.4%) and JRC (40.2%). In comparison, a lower 
share of units by renters is found in GAR with only 31.7%. RFCON 
doesn’t show any bias against tenure status as its 35.5% of renters is very 
similar to the national statistic of 36.2%. 

4.2.4. Employment and poverty 
The employment in this study represents the employment status of 

the civilian population in the labor force 16 years and over. Following 
this definition, the national unemployment rate from ACS estimates 
(2013–2017) is 6.5% (Fig. 5). In terms of the unemployed who are 
exposed to flood danger, the percentages from all selected floodplains 
are similar and close to national statistic, with FEMA (F/P þ Coastal) 
7.0%, FEMA (F/P) 7.0%, JRC 7.4%, GAR 7.0% and RFCON 6.8%. The 
result suggests that employment status is not biased against flood 
exposure in all selected floodplains. 

The poverty defined in this study represents the relative poverty 
status where the income is divided by the poverty line. Breaking into 
three categories, a ratio above 2 denotes the wealthy group, a ratio 
between 1.00 and 1.99 denotes the struggling group, and a ratio under 1 
denotes the poor group. In the U.S, these three groups respectively 
consist of 67.3% (the wealthy group), 18.2% (the struggling group), and 
14.6% (the poor group) (Fig. 5). Considering the flood exposure, how-
ever, a lower percentage of the wealthy group and a higher percentage 
of the poor group are found within all selected floodplains. For example, 
within FEMA (F/P þ Coastal) floodplain, the wealthy group consists of 
4.4% less, and the poor group consists of 2.2% more, compared with the 
national statistic. Estimations from other floodplain products also sug-
gest less percentage of the wealthy group facing flood risks. The unan-
imous agreement of all floodplains, despite the small variance, reveals 
that the poor group tends to live within the floodplain and the wealthy 
group otherwise. Detailed statistics regarding these six socioeconomic 

variables within floodplains can be found in Appendix C. 

4.3. How are they distributed? 

4.3.1. Fluvial/pluvial (F/P) flood 
In the first group of comparison, we compared the spatial distribu-

tion of population exposure at the county level in floodplains that only 
consider F/P flood: FEMA (F/P), JRC, and GAR (Fig. 6). To reveal the 
spatial patterns, the county-level exposed population of the aforemen-
tioned three floodplains is categorized in ten quantiles respectively 
based on their own value range. As expected, counties near major river 
channels tend to have more people exposed to flood danger, especially 
the case for JRC (Fig. 6a). For example, a high concentration of exposed 
population can be easily found along the Mississippi River, Missouri 
River and Arkansas River, which coincides with the fact that floods from 
those three rivers usually inflict severe damage on the public. In 
contrast, less population exposure can be found in counties in the 
western mountainous region and the eastern inland region. 

Despite those agreements, the spatial distribution of the exposed 
population estimated from the selected three floodplains varies greatly. 
In contrast with JRC that mainly captures high exposure in counties 
along major rivers (Fig. 3a), FEMA (F/P) also highlights the high 
exposure in counties on Gulf Coast, West Coast and Atlantic Coast 
(Fig. 3c). GAR floodplain obviously captures more population exposure 
in the central U.S, despite the fact that most of those counties are in the 
lowest quantile (dark blue) (Fig. 3b). The spatial disparities in the esti-
mation of flood exposure are presumably due to a variety of reasons, 
including the differences in hydrological model selection, model settings 
and data input, and the different spatial patterns of residential buildings 
within those floodplains. 

4.3.2. Fluvial/pluvial and coastal flood combined (F/P þ coastal) 
The second group of comparison focuses on comparing floodplains 

that consider both F/P floods and coastal floods: FEMA (F/P þ Coastal) 
(Fig. 7a) and RFCON (Fig. 7b). Given that RFCON is trained by FEMA 
floodplain in available locations and then extends its coverage to the 
entire CONUS, RFCON provides a scenario in which population expo-
sure is theoretically captured using a spatially complete FEMA flood-
plain. In general, a high similarity is found in places where FEMA 
floodplain is available, with high exposure in counties along the major 
rivers and U.S coasts (Fig. 7). However, in counties where FEMA 
floodplain is unavailable (mostly in central U.S and Mountain States), 
RFCON reveals that majority of counties are within low quantiles (blue) 
but some of them, e.g., Sweetwater County in Wyoming and Malheur 
County in Oregon, are with high flood exposure (red). Those counties, 
lying outside the coverage of FEMA floodplains but with high exposure, 
are potentially responsible for the flooding losses that failed to be 
captured in the U.S [10]. 

We further compare FEMA (F/P þ Coastal) and RFCON by ranking 
the top ten counties by the total population exposed (Table 4) and by the 
proportion of the population exposed (Table 5). In terms of the total 
population exposed (Table 4), Miami-Dade County ranks the first in both 
floodplains. However, the number of people exposed to a 100-year flood 
varies greatly from 1.2 million in FEMA floodplain to 260 thousand in 
RFCON. Four counties are both mentioned in the top ten ranks: Sacra-
mento County in California, and Miami-Dade County, Pinellas County, 
Hillsborough County in Florida. In terms of the proportion of the pop-
ulation exposed (Table 5), four counties appear in both two lists, with 
Hyde County in North Carolina and Monroe County in Florida ranking 
the first and the second respectively. Statistics for these two counties in 
two floodplains are nearly identical, with 90.1% from FEMA in contrast 
with 90.5% from RFCON in Hyde County, and 84.6% from FEMA in 
contrast with 84.9% from RFCON in Monroe County. 
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Fig. 6. Population distributed in JRC, GAR, and FEMA (F/P).  

Fig. 7. Total population distributed in RFCON and FEMA (F/P þ Coastal).  

Table 4 
The top 10 ranked counties by the total population exposed to 100-year fluvial/pluvial and coastal floodplain (F/P þ Coastal).   

Rank 
FEMA (F/P þ Coastal) RFCON 

County Pop % of pop County Pop % of pop 

1 Miami-Dade (FL) 1,195,511 44.2% Miami-Dade (FL) 260,550 9.6% 
2 Harris (TX) 457,778 10.1% Sacramento (CA) 200,939 13.4% 
3 Broward (FL) 296,433 15.7% Pinellas (FL) 166,309 17.5% 
4 Pinellas (FL) 249,200 26.2% Maricopa (AZ) 134,321 3.2% 
5 Lee (FL) 237,214 33.9% Bernalillo (NM) 124,289 18.4% 
6 Collier (FL) 194,874 54.6% Cameron (TX) 119,719 28.5% 
7 Hillsborough (FL) 171,395 12.7% Orange (CA) 117,415 3.7% 
8 Jefferson (VA) 150,532 34.4% Hillsborough (FL) 113,758 8.4% 
9 Santa Clara (CA) 125,711 6.6% El Paso (TX) 113,049 13.5% 
10 Sacramento (CA) 122,807 8.2% Los Angeles (CA) 98,112 1.0% 

Note. Counties in bold indicate counties identified by both floodplains. 
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4.4. How do estimations vary compared with FEMA floodplain? 

To investigate the spatial biases of exposure estimations from other 
floodplains against FEMA floodplain, we set the FEMA estimation as a 
baseline and further calculate the county-level differences (standardized 
by county population) from estimations of other floodplains. Here, three 
comparisons are respectively conducted: GAR and FEMA (F/P) (Fig. 8), 

JRC and FEMA (F/P) (Fig. 9), and RFCON and FEMA (F/P þ Coastal) 
(Fig. 10). 

Compared with FEMA (F/P), GAR generally overestimates 11% of 
the exposed population at the county level (Fig. 8a1). The distribution of 
G�i Z score, derived from Fig. 8a2, identifies several hot spots and cold 
spots with relatively high confidence (Fig. 8b2). A hot spot can be found 
along the Mississippi River (highlighted in purple), suggesting that 
FEMA potentially underestimates the exposed population in this flood- 
prone region. Other hot spots can be found in the state of Idaho and 
Montana, where FEMA floodplain mostly fails to cover, revealing the 
existence of a large amount of exposed population that failed to be 
captured by FEMA. Three major cold spots (highlighted in green), 
Miami, Southeastern inlands, and Northeastern Atlantic coast suggest 
FEMA’s overestimation of population exposure in these regions. 

Fig. 9 presents a comparison between JRC and FEMA (F/P). The 
mean difference of county-level exposed population in proportion to 
county population is 0.01 (1%) (Fig. 9a1), suggesting that JRC has no 
tendency of either overestimating or underestimating county-level 
population exposure compared with FEMA estimation in CONUS 
generally. Spatially, however, population exposure from JRC exhibits a 
strong disparity against estimation from FEMA (Fig. 9a2). The distri-
bution of G�i Z score reveals similar patterns as it does in the previous 
comparison (GAR and FEMA (F/P)). Hot spots are also found in the 
Mississippi River region and Idaho, and cold spots in Miami and on the 
Northeastern Atlantic coast (Fig. 9b2). Differently, JRC reveals a new 
hot spot and a new cold spot with high confidence, lying respectively in 
Nebraska and Kentucky/West Virginia (Fig. 9b2). 

The comparison between RFCON and FEMA (F/P þ Coastal) reveals 
some similar patterns but also opposing ones (Fig. 10). Generally, 
RFCON has no tendency of over- or underestimating county-level 

Table 5 
The top 10 ranked counties by the proportion of the population exposed to 100- 
year fluvial/pluvial and coastal floodplain (F/P þ Coastal).   

Rank 
FEMA (F/P þ Coastal) RFCON 

County Pop % of 
pop 

County Pop % of 
pop 

1 Hyde (NC) 4963 90.1% Hyde (NC) 4981 90.5% 
2 Monroe 

(FL) 
64,912 84.6% Monroe 

(FL) 
65,160 84.9% 

3 Tyrrell (NC) 3431 83.9% Saline (KS) 40,591 73.3% 
4 Cameron 

(LA) 
5304 77.9% Custer 

(MT) 
8038 67.6% 

5 Poquoson 
(VA) 

8462 70.4% Cameron 
(PA) 

3132 65.9% 

6 Dare (NC) 22,680 64.0% Logan (CO) 13,347 61.0% 
7 Custer (MT) 6553 55.1% Mingo 

(WV) 
15,187 60.4% 

8 Collier (FL) 194,874 54.6% Bent (CO) 3493 60.2% 
9 Brooks (TX) 3884 53.6% Osborne 

(KS) 
2097 56.9% 

10 Willacy (TX) 11,013 50.4% Tyrrell 
(NC) 

2325 56.9% 

Note. Counties in bold indicate counties identified by both floodplains. 

Fig. 8. County-level differences between exposed population from GAR and FEMA (F/P) in proportion to the county population.  
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exposed population (Fig. 10a1). The distribution of G�i Z score shows the 
same hot spots in Idaho and Montana, and cold spot on the Northeastern 
Atlantic coast (Fig. 10b2), in accordance with the findings from two 
previous comparisons. A cold spot is found covering nearly the entire 
Florida, different from the ones that only cover the Miami region in two 
previous comparisons. In terms of the Mississippi River, the comparison 
between RFCON and FEMA draws an opposite conclusion as it reveals 
that FEMA potentially underestimates the exposed population along the 
Mississippi River. In addition, a hot spot is found in Kentucky/West 
Virginia, opposing to the cold spot in the same location in the compar-
ison between JRC and FEMA. 

5. Discussion 

This study aims to provide valuable benchmark information 
regarding the current flood exposure (100-year flood) in the CONUS, 
utilizing a recently released national building footprint dataset and the 
2013–2017 ACS estimates. A comparative study is further conducted to 
examine the flood exposure within FEMA 100-year floodplain boundary 
and other three publicly available 100-year floodplains. This study 
transcends other flood exposure studies in two folds. Firstly, the appli-
cation of national building footprints provides a spatially explicit pop-
ulation distribution that captures the heterogeneity of population 
distribution, usually exhibited at the micro-level. Previous attempts that 
estimate regional flood exposure solely rely on the ground-truth popu-
lation from different levels of geographic units (e.g., census tract, block 
group, block, etc.). The binary spatial relationship (included or 
excluded) between floodplain polygons and centroids in those 
geographic units is usually derived to calculate of the exposed 

population [11,12]. However, without further knowledge of how the 
population is distributed within geographic units, great uncertainties 
might be introduced if the heterogeneity of population distribution is 
not well considered. For instance, if a centroid of a block group falls 
within the identified floodplain, people within the entire block group are 
assumed to be exposed to the flood risks, which is not necessarily true. 
Fig. 11 presents the comparison between flood exposure analysis based 
on centroids of geographic units (Fig. 11 (a)) and based on building 
footprints (Fig. 11 (b)) in an example site in South Carolina. Given the 
fact that two block group centroids (circled in blue) are within the FEMA 
floodplain, residents within the two block groups are all assumed to be 
exposed, unavoidably leading to great uncertainty in terms of estimating 
the flood exposure. In comparison, a direct spatial relationship between 
residential buildings and floodplain greatly aids in summarizing the 
population residing in flood risk zones as only people living in buildings 
with flood risks are denoted as exposed population (Fig. 11 (b)). Sec-
ondly, this study compares the estimations from multiple floodplain 
products, allowing us to gain a comprehensive understanding of the 
flood exposure in the CONUS. Studies have found that commonly used 
FEMA floodplains have numerous limitations, such as their incom-
prehensiveness [9] and aging issues [16]. A great disagreement was also 
noticed among many floodplain products as they largely vary in extent, 
particularly in semi-arid zones and wetlands [27]. The discrepancy 
among different floodplain products is explored thoroughly in this study 
via the investigation of official FEMA floodplain product, a spatially 
complete FEMA 100-year floodplain, i.e., the RFCON, and two other 
well-recognized floodplain products, GAR and JRC. The comparative 
estimations from this study provide valuable benchmark information 
regarding the current 100-year flood exposure in the CONUS, enhance 

Fig. 9. County-level differences between the estimates from JRC and FEMA (F/P) in proportion to county total population.  
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our understanding of how different floodplain products spatially vary in 
estimations and benefit both local and federal authorities for future 
policy and decision making. 

Based on the official FEMA floodplain product, this study estimated 
that a total of 11.119 million people in the CONUS are facing the danger 
of 100-year floods. Comparing with other similar studies, however, this 
number looks less striking. Using population density data from US 

Environmental Protection Agency (USEPA), which distributes the 2010 
census block population counts into 30 m pixels based on land use and 
slopes, Wing et al. [2] estimated that 13 million people are exposed to 
the FEMA 100-year floods. In comparison, Yager et al. [12] estimated a 
total of 15 million by calculating the percentage of block centroids 
covered by FEMA floodplain in each census tract. Our study indicates 
that, with the national building footprint product, a better proxy for 

Fig. 10. County-level differences between the estimates from RFCON and FEMA (F/P þ Coastal) in proportion to the county total population.  

Fig. 11. Comparison between flood exposure analysis based on centroids of geographic units (block groups) (a) and based on building footprints (b).  
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population distribution than land use and centroids of geographic units, 
2–4 million fewer people with flood risks are found in the CONUS. Given 
that the result of this study is based on a comprehensive building foot-
print dataset covering the entire CONUS and recent ACS 5-year esti-
mates (2013–2017), it is reasonable to assume that the estimation in this 
study transcends previous estimations as it leverages spatially explicit 
population distribution and up-to-date census data. 

As assuring as the result might sound, however, the cross-comparison 
among different floodplain products raises the alarm. Comparing with 
the estimation from FEMA (F/P) floodplain, estimations from JRC and 
GAR respectively indicated that 1.099 million and 3.169 million more 
people are found to be exposed to the flood risks. Similarly, with the 
inclusion of coastal floods, RFCON estimates 890 thousand more than 
the estimation from FEMA (F/P þ Coastal) floodplain. Two comparisons 
above reach the same conclusion that FEMA floodplain, potentially 
limited by its partial coverage, tends to underestimate the flood expo-
sure compared with other sources. This conclusion coincides with and 
confirms the findings from Blessing et al. [10]; who reported the sig-
nificant mismatch between FEMA’s estimated flood loss and the real 
flood loss. Spatially, estimations from different floodplain products vary. 
However, an agreement can be reached that JRC, GAR, and RFCON all 
overestimated the exposed population in the state of Idaho and Mon-
tana, compared to the estimation from FEMA. Coincidentally, Idaho and 
Montana happen to be the states where FEMA floodplains are consid-
erably less available (see the availability of FEMA floodplain in Fig. 1), 
revealing the existence of a large amount of exposed population that 
failed to be captured by FEMA. In addition, special attention should be 
paid to the regions where estimations from different floodplains 
disagree with each other, e.g., regions along the Mississippi River and 
regions in the Kentucky/West Virginia. Additional comparisons using 
other floodplain products are needed to shed light on the flood exposure 
in those regions. 

Through the examination of racial/ethnic and socioeconomic vari-
ables in the geographic distribution of flood exposure, this study also 
extends environmental justice and social vulnerability research on flood 
hazards in the U.S. Race and ethnicity are major drivers of flood-related 
social vulnerability since these may impose cultural and language bar-
riers that affect pre-disaster mitigation and access to post-disaster re-
sources for recovery [31]. Our results indicate that, while estimations 
from FEMA floodplain suggest no racial bias towards flood exposure, 
estimations from other floodplains reveal that the white group tends to 
be more exposed proportionally and the African Amerian group other-
wise. The identified racial inequity from other floodplain products 
agrees well with some local studies in Miami [32] and in New York City 
[33]. Estimations based on FEMA floodplains found a distinctive higher 
proportion of Hispanic or Latino group facing flood risks, however, 
inconclusive results are found in terms of flood exposure on commu-
nities of ethnicity, as estimations from different floodplain products 
show no consistency. Socioeconomic status drivers are among the most 
prominently measured characteristics in social vulnerability studies 
[34] and can easily translate into social vulnerability through access to 
resources, coping behavior and stress [35]. Our study explores several 
socioeconomic indicators, including unemployment rate, poverty, and 
tenure status, in response to the flood exposure. No bias is found for the 
unemployment rate against flood exposure, as the exposed unemploy-
ment percentages from all selected floodplains are close to the national 
statistics. Divergent results are found for the tenure status with flood 
exposure as estimations vary upon different floodplain products. How-
ever, despite small variances, estimations from all selected floodplains 
reveal that the poor are facing more flood risks than the wealthy. 
Although the human-flood hazard relationship has been structured with 
spatial heterogeneity [36], the inequitable flood risk experienced by the 
poor in the CONUS, identified by all selected floodplains, underscores 
the importance for future environmental justice and hazard vulnera-
bility studies to emphasize the need for this vulnerable group. 

In terms of policy implications, FEMA should prioritize improving 

floodplain identification spatially and temporally to provide the public 
with a reliable and up-to-date rendering of their true flood exposure, 
ensuring that NFIP rates reflect the real risk of flooding. The continua-
tion of FEMA’s MMS program is essential for local communities and 
various stakeholders as it provides updated NIFP maps that reflect the 
dynamics of flood hazards, encouraging wise community-based flood-
plain management and improved citizens’ flood hazard awareness. 
Attention should be paid to regions where floodplain maps are unavai-
lable (mostly located in the Mountain States), as our results reveal a 
large potentially uncaptured population with flood risks in those re-
gions. As of December 2016, the “New, Valid, or Updated Engineering 
(NVUE)” rate of FEMA was at 42%, meaning that only 42% of the NFIP’s 
maps adequately identified the level of flood risk [37]. Therefore, the 
necessity of accurate, complete, up-to-date, and publicly available flood 
hazard maps is obvious. The statistical results also reveal that the poor 
experience heightened exposure to flood risks, which is a particular 
concern due to their generally reduced capacities to prepare for, respond 
to, and recover from flood events [32]. Measures should be taken as the 
concentration of socially vulnerable groups at high risks potentially 
increases the pressure to mitigate severe flood events in a significant 
way. The NFIP flood insurance rates should continue to be subsidized for 
groups residing in flood risks zones, especially with lower income, who 
otherwise are incapable of paying the increased rates. It should be noted 
that the conclusion at the national level should not be regionalized 
without caution. An opposite example is Miami, where a study found 
that the wealthy appear inclined, rather than disinclined, to place 
themselves at risk to flooding in exchange for the benefits that come 
with the risk, as the flood insurance is available to externalize the eco-
nomic risks of flooding [36]. However, the nationwide inequitable flood 
risk faced by the poor identified in this study should raise the alarm for 
the federal as well as the local government. 

Finally, it is important to consider several limitations of this study for 
the benefit of exploring related avenues for future research. First, the 
limitations of the nationwide Microsoft building footprints are worth 
mentioning. The Microsoft building footprint product used in this study 
does not contain building height information. Uncertainty is inevitably 
introduced when the census population is disaggregated into those 
buildings due to the lack of information in the vertical dimension. 
Although the Microsoft building footprint dataset, released in June 
2018, is believed to be the most up-to-date and comprehensive building 
footprint dataset in the U.S, its vintage depends on the underlying Bing 
Imagery. Despite the fact that the Bing Map team extracted the foot-
prints using their most up-to-date high-resolution imagery, it is still 
difficult to know the exact dates for individual pieces of data [38]. The 
temporal ambiguity in the dataset might cause problems for studies that 
require certain temporal restrictions. Secondly, the spatial disparities 
(estimated via Getis-Ord G*

i ) in flood exposure from different floodplain 
products are estimated at the county-level, as counties usually share 
similar political and governmental functions. However, changes in 
aggregated units (e.g., from counties to grids or from counties to states) 
might alter the resulted spatial conclusions due to the famous Modifiable 
Areal Unit Problem (MAUP) (details in Fotheringham and Wong [39], a 
fundamentally unsolvable issue in spatial statistics. Therefore, caution is 
advised when extrapolating the spatial findings in this study to studies 
with other spatial units or scales. Thirdly, despite that the Getis-Ord G*

i 
statistic can identify significant spatial patterns by investigating the 
similarity of a certain feature with its neighboring features, it fails to 
distinguish on a global scale which hot/cold spot clusters have the 
higher/lower values compared with other hot/cold spots [40]. That is, 
Getis-Ord G*

i statistic highlights the county-level disparities in exposure 
estimations from multiple floodplains via identified hot/cold spots but 
fails to prioritize them. Fourthly, this study doesn’t compare the dif-
ference among floodplain products in their physical coverage. For a 
specific region where floodplains from different sources are available, 
variations of flood exposure often occur as they are derived using 
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different hydrological models. Although how the model assumption and 
parameter settings may influence the floodplain coverage (thus leading 
to variations in exposure analysis) is not the scope of this study, we 
encourage further locally detailed examinations. Lastly, the comparative 
assessment of the exposed population in this study is limited to several 
selected floodplains with only 1% of annual exceedance probability. 
Further comparison among more floodplain products with various flood 
risk levels (e.g., 500-year flood and 1000-year flood) is needed. 

6. Conclusion 

This study provides a comparative assessment of the population 
exposed to flood hazards for the entire Conterminous United States. 
Unlike other studies, this study utilizes the latest national building 
footprints, recently open-sourced by the Microsoft Bing Map team in 
2018, to capture the heterogeneity of population distribution at the 
micro-level. To better quantify the exposure, the population in block 
groups from the ACS 5-year estimates (2013–2017) is disaggregated to 
residential buildings, identified from NLUD 2010 and OpenStreetMap 
Land Use polygons. A comparative study is then conducted by exam-
ining the 100-year flood exposure from FEMA and from other three 
publicly available 100-year floodplains. 

Based on the FEMA floodplain (both F/P and coastal), our results 
suggest that 11.119 million people in the CONUS are currently facing 
the 100-year flood risk. The other three selected floodplains (JRC, GAR, 
and RFCON), however, all reveal higher numbers than the estimation 
from FEMA. From a spatial perspective, estimations from other flood-
plain products suggest that a large population of residents are found in 
regions where FEMA floodplain product is unavailable, indicating that 
FEMA potentially underestimates the exposure in those regions, pre-
sumably responsible for the uncaptured losses reported from other 
studies. Attention should be paid to regions where estimations from 
different floodplains disagree with each other, e.g., regions along the 

Mississippi River and regions in Kentucky and West Virginia. Through 
the examination of racial/ethnic and socioeconomic variables in the 
geographic distribution of flood exposure, our results indicate that the 
poor are facing more flood risks than the wealthy at the national level. 
Despite that some local case studies indicate otherwise, the inequitable 
flood risk experienced by the poor revealed at the national level un-
derscores the significance of future hazard vulnerability studies to 
emphasize the need for this vulnerable group. Meanwhile, divergent 
results are found in terms of flood exposure on communities of ethnicity, 
as estimations from different floodplain products show no consistency. 
In light of the inconsistency among the selected floodplains in the 
exposure analysis, FEMA should continue its MMS program to provide 
the public with reliable, up-to-date floodplain maps and ensure that 
NFIP rates reflect the real risk of flooding. The benchmark information 
regarding the 100-year flood exposure and the knowledge of how 
different floodplain products vary spatially in exposure analysis greatly 
enhance our understanding of the current flood risks in the CONUS, 
largely benefiting both local and federal authorities for future 
policymaking. 
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Appendices 

Appendix A. Available land use categories in NLUD 2010  

Land use major 
type 

Subcategories 

Water Natural – area (lake, swamp, and playa) 
Human – area (reservoir) 
Natural – linear (river and wash) 
Human – linear (canal/ditch) 
Estuary (Estuary/complex channels) 
Wetlands 
Ocean (open ocean and bay inlet) 

Build-up Residential 
Commercial (office, retail/shopping centers, entertainment, and lodge) 
Industrial (factory/plant, landfill, confined animal feeding, and utilities) 
Institutional (school, medical, government/public, military, fire/police stations, church, and prison) 
Transportation (airports, highway/railway, port, train station, other transportation and undeveloped) 
Miscellaneous (cemetery and rural buildings) 

Production General (general agricultural) 
Cropland (cropland/row crops, pastureland, orchards, sod/switch grass, and aquaculture) 
Rangeland (grazed and stock tank) 
Mining (mining strip mines, quarries, gravel pits, and mine shifts) 
Timber (timber harvest and timber plantations) 
Extraction/barren land (oil/gas wells and misc. barren) 

Recreation Undifferentiated park (general park) 
Developed park (urban park, golf course, motorized, OHV Staging area/trailhead, resort/ski area, Marina, campground/ranger station, picnic/trailhead, and 
boat/fishing access) 
Natural park (natural park, designated recreation area, and designated scenic area) 

Conversation Public (wildlife habitat, conservation area, natural reserve, wilderness, areas of Critical Env. Concerns, Research Natural Area, fish/wildlife service area, 
archaeology/historical/scenic area, and wild/scenic river) 
Public-limited access (municipal watershed, Corps of Engineers dam and marine protected area) 
Private easement (wildlife conservation and agricultural conservation) 

Note. This table was summarized from Theobald [20]. 
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Appendix B. OSM land use statistics in CONUS  

Land use class Total records Total size (km2)  Land use class Total records Total size (km2)  

Allotments 1681 4.52 Industrial 52,537 9079.45 
Commercial 64,216 2949.86 Meadow 42,615 23,430.72 
Farm 186,297 73,989.69 Military 3124 112,921.92 
Forest 358,426 274,690.80 Natural reserve 27,215 683926.68 
Grass 262,348 2356.47 Orchard 18,259 3583.34 
Park 124,472 34,573.64 Quarry 7119 4197.45 
Recreation Ground 21,545 3238.34 Residential 373,261 42,348.51 
Retail 42,913 2164.11 Scrub 62,416 13,940.30 
Vineyard 15,137 1847.07 Cemetery 45,904 1529.74 
Health 4587 16,063.60    

Note. OSM data used in this study was downloaded on March 1st, 2019. 

Appendix C. Detailed profile of population statistics exposed to 100-year floodplains in the CONUS    

100-year floodplain (F/P) 100-year floodplains (F/P þ Coastal) 

(in thousands) (in thousands) 

Category Subcategory FEMA (F/P) JRC GAR FEMA (F/P þ Coastal) RFCON 
Age Under 5 650 776 841 655 713  

5 to 14 1307 1566 1779 1316 1469  
14 to 25 1395 1662 1892 1405 1577  
25 to 34 1487 1725 1711 1499 1579  
35 to 44 1362 1503 1629 1374 1454  
45 to 54 1472 1565 1838 1489 1600  
55 to 64 1441 1526 1952 1463 1637  
65 to 74 1067 1023 1443 1090 1185  
75 to 84 572 523 769 585 613  
Above 85 239 223 307 243 254 

Race White 8296 8672 11,741 8412 9604  
Black or African American 1390 1734 1359 1395 1115  
American Indian and Alaska native 70 114 254 71 141  
Asian 433 610 149 435 402  
Native Hawaiian and Pacific Islander 11 20 9 11 13  
Some other races 512 589 317 514 468  
Two or more races 280 351 333 282 338 

Ethnicity Hispanic or Latino 2712 2727 1455 2724 2142  
Not Hispanic or Latino 8281 9364 12,706 8396 9938 

Employment Employed 4959 5399 6032 5013 5422  
Unemployed 373 434 455 376 395 

Tenure Owner Occupied 2547 2685 3761 2590 3021  
Renter Occupied 1600 1803 1744 1615 1664 

Poverty Under 1.0 1804 2274 2478 1817 1911  
1.00 to 1.99 2185 2523 3012 2201 2300  
Above 2 6747 6975 8170 6841 7566  

Appendix A. Supplementary data 

Supplementary data to this article can be found online at https://doi.org/10.1016/j.ijdrr.2020.101731. 
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