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ABSTRACT

Environmental changes are predicted to exacerbate changes in flood events, resulting in consequences for exposed
systems. While the availability and quality of flood risk analyses are generally increasing, very little attention has
been paid to flood impacts related to the commercial market. This is notable given that the commercial market is
often made up of the most valuable physical structures in communities, employs much of the local labor force, and
generally plays a key role in the sustainability of economies. This study provides the first national spatial model of
flood risk for commercial and multi-unit residential buildings at a property level resolution within the United States.
This is achieved through the use of high-resolution inputs (hazard and property data), flood hazard information for
the four major flood types, multi-return period hazard information, component-based depth-damage functions, GDP
and economic multipliers information, and future facing projections. This study estimates that over the next 30
years, the absolute count of commercial and multi-unit buildings with risk will increase 8%, structural damage costs
will increase 25.4%, downtime days will increase 29.1%, and economic impacts will increase 26.5%. Additionally,
these impacts are concentrated in certain spatial locations. A high resolution model capturing flood risk as related to
these commercial buildings is important for a comprehensive understanding of overall flood risk within the United
States.
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INTRODUCTION

Flooding is one of the largest national disasters in terms of reach and cost in the United States (NOAA NCEI, 2021).
Recent research in the area has highlighted the emergence of significant trends in the relationship between climate
and the economy which are expected to be further amplified in the near future (Nunn et al., 2019). In the United
States, damages to the economy will grow as temperatures change at a continuously increasing rate. Additionally,
the effects of the changing climate will not be felt evenly across the US. In fact, locations in the country that are
already exposed to climate hazards and locations projected to see an onset of exposure in the near future are where
the risk will likely be most pronounced across a number of risk indicators. Most central to that risk is the
vulnerability of the individual residential properties, shared community infrastructure, and components of the local
labor market including impacts to commercial and office structures. These physical commercial and office structures
are an important component of market health, as they facilitate the trade of goods and services, therefore serving as
an essential part of economic and community prosperity. While there is limited information available on commercial
damages due to flooding exposure, FEMA (2015) reported the average commercial NFIP claim to be about $89,000.
As flooding severity and frequency changes along with a changing climate, increasing commercial flood risk
understanding is especially important. To date, several large corporate headquarters, faced with climate risk, have
engaged in a series of high profile re-locations, including the Spirit Air Operations Center from Florida to Nashville
(Lyons, 2020), Hewlett Packard in Houston (Pulsinelli, 2017), and Roper Hospital in Charleston (Sausser &
Johnson, 2021). Understanding, and quantifying, the ways in which that exposure relates to commercial real-estate
vulnerability is essential to our ability to understand where the effects of climate are already being felt and where
they will be most pronounced in the coming future.

Understanding the flood risk to commercial markets is crucial to providing communities and policy makers the
information needed to guide investment, mitigation, and adaptation. Commercial markets can utilize this type of
comprehensive risk information to guide their prioritization of investment in areas where there is lower exposure
and where the local economy also has lower impacts (such as due to the indirect impacts of a more restricted
market). Additionally, commercial markets will be able to prioritize their involvement with mitigation efforts on a
local scale or that is building-specific to decrease their vulnerability through structural damage and the resulting
downtime impacts as well as to not be located in an area where the local economy is overly restricted from large
amounts of indirect economic impacts. Lastly, these vulnerability indicators are versatile enough to inform other risk
assessments that commercial markets may undergo, and can be useful for understanding and prioritizing adaptation
strategies so that building-specific vulnerabilities are reduced. This includes planning for the facilitation of remote
work if downtime is necessary so that direct economic outputs are reduced only at minimum levels, planning for the
streamlining of construction work to speed up repair time to shorten the amount of downtime necessary, and
understanding the amount of potential financial obligations involved with their estimated flood risk so that
additional money may be set aside and the business is not overly handicapped by surprise costs.

Outside of commercial markets, it will also be useful for governments to understand the risk as it relates to their
local tax base, and to plan accordingly. Large impacts for local economies may result in lower tax revenues, slower
economic growth (such as from decreased investment in the area, populations moving out, etc.), and generally
unhappy citizens. Outside of these investment concerns, the results provided here can be used as inputs for areas
which hope to develop more comprehensive risk models, especially as related to economic impacts (for example,
governments may lack the resources to model flood hazard, exposure, and structural damage at a high-resolution
themselves).

Finally, there is a strong need for individuals to understand the risk in their area given its potential impact on income
opportunities, market accessibility, and general satisfaction. Flood risk in commercial markets not only impacts
commercial industries, but, due to the role commercial buildings play in general market health and economic growth
opportunities, these impacts also affect individuals living in the area. Homeowners and renters may not be directly
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impacted by flooding causing structural damage to their homes, but flood risk in the surrounding area may still be
highly relevant.

LITERATURE REVIEW

The International Panel on Climate Change (IPCC) defines the components of flood risk as hazard, exposure, and
vulnerability (Reisinger et al., 2020). All three components must be captured for appropriately claiming risk. Flood
hazard refers directly to the flooding events, capturing location, probability, frequency, and other directly related
characteristics. Exposure builds off of this hazard component and refers to the existence of concerned resources,
such as populations and/or economic resources, where there is hazard. The final component necessary for the
characterization of risk is vulnerability, which refers to the likelihood that exposed resources will suffer adverse
effects (Cardona et al., 2012; Luers et al., 2003).

Research modeling commercial flood risk often is restricted by data availability issues. For example, property
information may not differentiate between building and use types (Mohleji & Pielke, 2014) such as when sourced
from satellite imagery. Other research has been limited to only residential losses (typically for single family
residential properties) or critical infrastructures as this data may be provided by government databases. While there
are therefore few studies which evaluate flood risk as related to commercial properties, the assessments that are
available are often place-based partially due to the poor availability of property data for commercial structures.
Relatedly, risk assessments are also often place-based due to the complexity of the relationships and variables which
influence vulnerability. That is, when these assessments span over larger geographical areas, variables related to
vulnerability should be selected with consideration of the appropriateness for the system of interest. The U.S. Army
Corps of Engineers (USACE) estimates flood risk for all structure types during mitigation project feasibility studies
(USACE, 2012), but are limited to areas of project locations. Another study by Shultz (2017) evaluated commercial
flood risk in Sarpy County (Omaha, NE) and Fargo/Moorhead (ND/MN), relying on FEMA floodplain maps for
hazard information. Hossain and Meng (2020) develop a high-resolution spatial model of individual business
building exposure and risk in Birmingham, AL. Outside of the United States, similar barriers are often faced (for
example, see Löschner et al., 2017; Romali & Yusop, 2021).

One such vulnerability metric used for evaluating infrastructure impacts includes the use of depth-damage functions
for producing estimates of average annual loss (AAL). AAL or similar loss estimates are often calculated through
simple linear depth-damage functions, where higher flood depths directly translate to higher damage estimates.
These types of depth-damage functions are increasingly recognized to be problematic as they do not provide an
accurate understanding of structural fragility and susceptibility to damage. Wing et al. (2020) compare historic flood
claims within the United States obtained through the National Flood Insurance Program (NFIP) database with
commonly applied depth-damage functions and find low agreement. One of the most readily observable limitations
is that these depth-damage models generally estimate the same proportion of economic losses (taking the repair
costs as a percentage of the total replacement value) for buildings of different heights and stories, even though the
first floor is the only one likely to be impacted (Wing et al., 2020).

Depth-damage functions by definition utilize depth as the independent variable. Different depth-damage functions
may exist for various building types and may not be completely linear in nature, accounting instead for damage
clustering at low depths and at high depths. Multivariate models are typically more useful (i.e. Thieken et al., 2008;
Merz et al., 2013; Schröter at al., 2014), but the complexity of the development of multivariate models (and the
associated issues of limited data availability) has posed a barrier for standard application in flood risk assessments
(Wing et al., 2020). Depth-damage functions will have greatly reduced uncertainty when developed separately for
different building types and if they account for damage not occurring as a simple linear function of depth. A
common source of these non-linear depth-damage functions which account for differences in building characteristics
and some differences in flood characteristics (such as through the containment of proxies for flood velocity) is the
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FEMA Multi-hazard Loss Estimation Program (HAZUS). HAZUS is a publicly available and widely used
GIS-based tool which presents a framework for application of depth-damage functions derived from NFIP claims to
estimate property damage (Scawthorn et al., 2006). Many previous assessments of flood risk which make use of
HAZUS damage information are limited in their ability to provide property-level estimates due to limited flood
hazard and property characteristics data. HAZUS provides damage data based on the building inventory composition
by Census blocks, which relies on the assumption that flood depths are equally probable across the entire area
(Armal et al., 2020). Some studies have utilized assessor data in conjunction with HAZUS data to conduct
parcel-level analysis (Kousky, Walls, & Chu, 2013). However, as these damage-functions are statistically derived,
small sample sizes make the application of these damage curves inappropriate for commercial and large multi-unit
residential buildings as the majority of NFIP claims generally do not include large commercial structures (Shultz,
2017).

Much of existing literature identifies that the costs of disasters is often undervalued as they only account for
structural impacts (Carrera et al., 2015). Economic impacts of natural hazards are not well understood, especially
due to their indirect and macro-economic effects (Allaire, 2018; Carrera et al., 2015). Many estimates from
government agencies (for example, the European Environmental Agency; see EEA, 2012) and global disaster
databases (such as the EM-DAT dataset from the Centre for Research on the Epidemiology of Disasters) undervalue
the cost of disasters as they do not account for these types of impacts (Carrera et al., 2015). Several methods exist
for attempting to assess indirect economic impacts of natural hazards (Cochrane, 2004; Green et al., 2011; Messner,
2007; Okuyama, 2007; Przyluski & Hallegatte, 2011; Rose, 2004), but are often disaster focused (Santos et al.,
2014; Carrera et al., 2015). Various methodologies have different advantages and disadvantages (Carrera et al., 2015
lists several methodologies and provides examples of studies which have used each), but input-output (I-O)
methodologies are recognized as broadly applicable and reliable for capturing a broad range of impacts. Santos et
al., 2014 uses an I-O methodology but their analysis relies on fabricated hazard information (assuming
characteristics of imaginary disaster scenarios). Additionally, they estimate inoperability consequences through the
application of exponential decay models for entire sectors rather than individually for each property.

METHODS

Hazard and Exposure

The flood model used to estimate the hazard in this analysis is the First Street Foundation - Flood Model (FSF-FM;
see Bates et al., 2021) which represents a high resolution inundation model at a 3m horizontal resolution. The hazard
information provided by the FSF-FM includes the integration of a national database of more than 20,000 unique
flood adaptation measures, multiple flood types (tidal, pluvial, fluvial, and surge), and multiple flood return periods
(2-, 5-, 20-, 100-, 250-, and 500-year), currently and in the future.

Exposure is calculated at high-resolution for the entire country through coupling spatial parcel-level property
information to the high-resolution hazard information provided by the FSF-FM. The high-resolution property
information is obtained through a third party provider (https://www.lightboxre.com/). The property data represent
the full suite of assessment based characteristics and value-added standardized property level indicators necessary
for the development of damage functions and assignment of building archetypes.

Expected annualized depth for each year are calculated for current climate conditions and into the future as the sum
of the probabilities that relate to each flood likelihood (as represented by the multiple return periods in the FSF-FM)
multiplied by associated flood depths, using the equation presented here:
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In the above equation, D and P show the depth and probability, respectively, and i is the numerator for different
return period scenarios. This exposure and expected depth data calculation follows the same methodology as
previous research (Porter et al., 2021; Armal et al., 2020)

Vulnerability

Importantly, this report has developed and applied a new methodology for estimating vulnerability (which is specific
to large buildings, such as retail, office, and multi-unit residential buildings) in order to provide a more
comprehensive understanding of risk. Estimates related to vulnerability include structural damages (repair costs),
downtime (days closed and unable to work for repair), direct economic damages (from retail and office buildings
being closed), and indirect economic damages (macro-economic level impacts). These vulnerability metrics all build
off of archetype specific damage functions which directly translate into structural damage costs and downtime.
Damage information is then used to estimate economic damages through coupling data on GDP contribution and
economic cost multipliers from the Bureau of Economic Analysis’ Regional Input-Output Multiplier, which are
explicitly designed to capture the impact of industry location on local wages, sales, supply chain needs, and other
economic activity that may not be tied directly to the building or industry itself (Bess & Ambargis, 2011).

In order to couple vulnerability with hazard exposure, Arup, a leading engineering firm, developed vulnerability
curves in conjunction with the First Street Foundation for various building archetypes. The overall process makes
use of building characteristics associated with the number of stories, presence of basement, square footage, assessed
value, construction, year built, and location to develop 30 different archetypes. The development of these archetypes
allows for the generalization of flood damages based on expected costs, susceptibility to damage, and the normative
locations of building components in each of the archetypes developed for this analysis.

At the building level, fragility curves define the probability that individual building components would sustain a
certain severity of damage (from minor or repairable damage to full replacement) for a given flood depth. To
develop the component-based fragility curves, Arup used first principles of engineering, observations from field
reconnaissance in the aftermath of past flood events (e.g. Hurricane Harvey), other guidelines (e.g. NEMA Ingress
Protection standards), or adapted from the literature. Figure 1 (made with Indesign and Python package matplotlib)
shows an example family of fragility curves for interior partitions, where DS1 refers to partial failure of the
partitions (which requires replacement of at least the bottom 4ft of drywall panel) and DS2 represents complete
failure of the partitions (which requires full replacement from floor to ceiling).

Arup developed this component-based approach for flood risk analysis based on a methodology that was originally
used to quantify seismic risk, adopted from FEMA P-58 (Applied Technology Council, 2013) and enhanced to more
realistically capture building downtime with Arup’s Resilience-based Earthquake Design Initiative (REDi)
methodology (Arup, 2013). In the past several years, Arup has adapted this seismic component-level approach to
climate-related hazards. Recently, academic researchers have also been adapting this type of approach for flood risk
modeling (Nofal & Van de Lindt, 2020).

[Figure 1 about here]

Each building model, populated with components arranged according to its size and archetype, was subjected to
incremental flood depths from one foot up to fifteen feet. For each flood depth, one thousand Monte Carlo
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simulations were run, sampling the fragilities of each component so that component-level damage results were
produced for each of the one thousand realizations. This modeling approach captures the inherent variability in flood
impacts and quantifies the bands of uncertainty statistically so that they may be sampled as a range of probable
damage estimates within reason. In the report we focus on the 50th percentile of this damage distribution but also
have extracted the 10th and 90th percentiles as representation of the low and high confidence envelope around those
estimates (see Figure 2 as an example, made with Indesign and Python package matplotlib). Where possible, these
results were compared to literature as a benchmarking exercise (FEMA, 2020; U.S. Army Corps of Engineers, 2009;
Nofal & van de Lindt, 2020).

[Figure 2 about here]

Structural Damage Impacts

By coupling the hazard and exposure information of each building with the building archetype, the number of units
for each component which needed to be repaired or replaced (according to its damage state) were obtained for each
simulation for each building. This information defining the damage state was used in a consequence function for
calculating the “structural damage cost” from repairs required (based on data procured by Arup’s internal cost
estimators). In order to get baseline estimates, the costs to repair and replace equipment were estimated for
Washington, D.C. in 2020 USD. Based on the level of damage, the total building structural damage cost was
calculated for each realization as a sum across all damaged components for each flood depth. The estimates
produced through the Washington D.C. baseline application were then adjusted to be appropriate for each of the
other geographical locations through the use of price parity multipliers from the Bureau of Economic Analysis
(BEA) by Metro area (CBSA), or state, for counties outside of metro areas.

Downtime Impacts

Downtime estimates are directly related to structural damage and influenced by post-disaster market conditions.
These are calculated through the additional inclusion of the aggregated repair time per damaged component in the
building and impeding factors that delay the initiation of building repairs such as from local market conditions
associated with the availability of construction/repair labor following the modeled flood event. The downtime
calculation followed the REDi methodology, which was originally published in REDi for Seismic (Arup, 2013) and
adapted for flood by Arup. Overall, the process for the calculation of downtime estimates follows a similar process
as that for structural damage estimates. For downtime estimates, rather than information on the cost of replacement
for each component to estimate monetary loss, information regarding the repair times for damaged components and
impeding factors that delay the initiation of building repairs are utilized instead to calculate time. Impeding delays
include time for floodwater recession, building restoration, contractor and engineer mobilization, and equipment
long lead times. Once the impending delays are resolved, the downtime model allocates crews of workers to make
repairs to damaged components based on specific trades (e.g. electrical). A construction of realistic repair sequences
that mimic actual contractor logistics is aggregated to quantify the overall building downtime.  As a result,
downtime impact estimates also rely on the calculation of property-specific structural damage costs and is estimated
utilizing information regarding the 3 percentile-based values (10th, 50th, and 90th percentiles) of downtime per
flood depth for each of the building archetypes coupled with the property’s hazard and exposure information.

Economic Impacts

Finally, economic impacts (direct and indirect) from commercial non-office and office buildings are estimated as
indicators in the reduction of outputs and other associated economic activity due to downtime, and are calculated
through the inclusion of information on land-use, geographic location, square footage, GDP contribution by sector,
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and RIMS II multipliers capturing indirect market-level impacts (Bess & Ambargis, 2011). Economic impacts refer
to the economic losses incurred due to commercial buildings being closed from flooding. This includes direct
economic losses from economic activity not occurring that would normally occur in the impacted building due to the
estimated downtime (detailed above). Additionally, indirect impacts (also referred to as flow or downstream effects)
are partially captured here through the application of state and sector specific economic multipliers provided by the
BEA RIMS II. These indirect impacts refer to the foregone economic activity in the region due to the direct
economic impacts. For example, an office building which normally purchases large amounts of office supplies but
which now has interrupted operations due to flooding results in indirect impacts due to this foregone market activity
where it is not engaging in the purchase of those supplies during downtime. More broadly, indirect impacts result
when a flooded building cannot operate as a supplier for outputs, or cannot operate as a buyer during downtime.
Economic damages are not estimated for multi-unit residential buildings as their role in markets are less clearly
defined than those of commercial buildings.
The model here for estimating these economic impacts utilizes three sets of input data: (1) state and county-level
GDP information identifying contributions by different economic sectors, (2) mappings between economic sectors
and land uses, and (3) economic multipliers by state and sector. These data sets are sourced from the BEA, First
Street Foundation (FSF), and the BEA RIMS II, respectively. In order to link the existing parcel data to BEA-RIMS
industry sectors, BEA data is mapped to a land use category consistent with the land use types included in the
archetype development. The sector GDP data is summarized by land use to give “land use GDP”, or the economic
contribution of a given land use category by state and county.

Next, the property database is used to generate total building square footage for buildings with retail and office land
uses. The “land use GDP” is divided by the total square footage per land use to compute the expected land use
GDP-per-sqft for each land use category by state and county. For each retail and office property with flooding, the
estimated downtime, the building square footage is multiplied by the expected land use GDP-per-sqft. This is the
property’s direct economic damage. A deflator is used which assumes only 40% of activity decreases, as people may
be able to work from home. It is also important to note that since the GDP information is provided on a state or
county resolution and GDP for the land use categories involve the aggregation of multiple sectors, direct economic
damages will not be an accurate portrayal of individual properties but should be considered only on a larger
geographical scale, or labor market level.

Indirect damages are calculated by multiplying the direct damages by a land use multiplier, which is computed
through utilizing the RIMS sector multipliers. These indirect damages account for economic activity like lost output,
lost value, lost household earnings, and lost jobs (Bess & Ambargis, 2011).  As the sectors used in the RIMS
multipliers are much more specific than the land use categories utilized in the property data here (office and retail), a
“land use multiplier” is computed for each of the two categories by taking a weighted average of each sector
included within each land use category, based on the ratio of each included sector’s contribution to GDP. This is
done individually for each state.

RESULTS

Metro Impacts

The distribution of the total number of buildings with risk and total structural damage costs by metropolitan area
varies across the United States (Figure 3, made with Python package Geopandas). There are predominant patterns of
high risk when considering structural damage costs in large cities where these types of office, retail, and multi-unit
residential buildings are more likely to be concentrated. The top five metropolitan areas with the highest aggregated
total structural damage costs across office buildings, retail buildings, and multi-unit residential buildings are the
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Miami, FL (with an estimated $1.07 billion in structural damages); New York, NY ($0.58 billion); Pittsburgh, PA
($0.45 billion); Boston, MA ($0.33 billion); and Houston, TX ($0.29 billion) metropolitan areas (Table 1).

[Figure 3 about here]

[Table 1 about here]

While there are similar patterns of large metropolitan areas showing up frequently within the top 20 rankings (Table
2) for highest amounts of aggregated total economic damages (direct and indirect economic damages across office
and retail buildings), there are some differences in the ordering of the rankings. Differences in the ranking by total
economic damage costs as compared to the ranking of total structural damages exist not only due to the exclusion of
risk for multi-unit residential buildings, but also due to differences in the level of market activity by area. That is,
some areas may be made up of more commercial building types that have high revenue per square foot and are
integral components of supply chains, so downstream (indirect) impacts are large when operation is disrupted. The
top five areas with the highest aggregate economic damages include Miami, FL (with a total estimated $4.96 billion
in economic direct and indirect damages); New York, NY ($4.55 billion); Boston, MA ($2.47 billion); Pittsburgh,
PA ($2.00 billion); and Philadelphia, PA ($1.61 billion) metropolitan areas.

While rankings in Table 2 are by total economic damages (direct and indirect), total downtime days also vary by
metropolitan area and by categorization of land use type (aggregated sectors of office and retail buildings). Not only
is this due to the aggregation of economic damages for both categories for the ranking of total economic damages,
but also because GDP contribution for each varies by area as well as the multipliers for each area. The final column
of “% of GDP” refers to the total economic damages within the GDP associated with those land uses.

[Table 2 about here]

When looking at changes in damages over the next 30 years (to 2052) for areas which have the largest increases in
structural damages, persistent patterns are displayed across the Gulf and east coast of the contiguous United States.
When looking at the aggregate change of structural damage across all categories of office, retail, and multi-unit
residential buildings, metropolitan areas within Texas, Louisiana, Florida, and North Carolina are predominantly
displayed in the top 20 list. The top 5 areas for highest aggregate structural damage cost change are the Bay City, TX
(with a 600.6% increase); Beaumont, TX (552.4% increase); Houma, LA (510.4%); Morgan City, LA (494.3%); and
Lake Charles, LA (403.9%) metropolitan areas.

[Figure 4 about here]

An interesting point to note here is that across the four impact metrics captured within Table 3 (each represented by
a column), while the ranking order refers to the largest percent changes in structural damage costs, different
metropolitan areas will have different percent changes for the other metrics, which will also be useful for
understanding relative risk over time. For example, the top 5 metropolitan areas on this list (by structural damage
cost change) have varying levels of change when looking at their counts of structures with damage, where the top 5
list ranges from an 5.8 - 39.3% increase in the count of these structures. Meanwhile, Port Lavaca, TX, which is
ranked as sixth on this list, has a 128.1% increase in the count of structures with damage over the next 30 years. This
variability also exists for percent change in downtime days and economic damages, where the top 3 list ranges from
a 450.4 - 804.6% increase in downtime days, and Morgan City, LA, which is ranked fourth, has an estimated 625.4%
increase over the next 30 years. The top 3 list ranges from a 588.3 - 908.5% increase in economic damages, and
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Morgan City, LA has a 766.1% increase over the next 30 years.

[Table 3 about here]

State Impacts

Similar to the variation by metropolitan area, the distribution of the total number of buildings with risk and total
structural damage costs by state varies across the United States (Figure 5). The top five states with the highest
aggregated total structural damage costs across office buildings, retail buildings, and multi-unit residential buildings
are Florida (with an estimated $1.95 billion in structural damages); Pennsylvania ($1.22 billion); California ($1.19
billion); New York ($0.95 billion); and Texas ($0.82 billion) (Table 4). These 5 states also represent the top five
states in regards to total population, meaning the risk to the commercial sector is primarily concentrated in densely
populated areas.

[Figure 5 about here]

[Table 4 about here]

Table 5 shows the highest amounts of aggregated total economic damages (direct and indirect economic damages
across office and retail buildings). In the table, most of the top 5 are consistent with the previous rankings, where
Florida ($7 billion), New York ($5.4 billion), Pennsylvania ($5.2 billion) and California ($4.9 billion), and represent
the top 4, but Massachusetts ($2.6 billion) replaces Texas ($2.2 billion). Similar to the patterns we find in the tables
above, this indicates that the concentration of economic activity, as it relates to the commercial buildings at risk, is
most concentrated in these states. This economic activity is most directly linked to the estimated days of building
inoperability due to the modeled vulnerability of the commercial structures. Florida, for example, is estimated to see
over 265k days of loss accessibility to buildings at risk in the state. Of note, New York (165k days), Pennsylvania
(345k days), California (151k days), Texas (139k days), and Ohio (129k days) are all expected to see the highest
number of building interoperability days.

[Table 5 about here]

When looking at changes in damages over the next 30 years (to 2052) for areas which have the largest increases in
structural damages, persistent patterns are displayed across the Gulf and east coast of the contiguous United States.
When looking at the aggregate change of structural damage across all categories of office, retail, and multi-unit
residential buildings,the states of Louisiana (130% increase), Florida (66% increase), Delaware (50% increase),
South Carolina (46% increase), and Texas (40% increase) make up the top 5.

[Figure 6 about here]
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[Table 6 about here]

When only looking at the change in count of properties expected to experience damage, there is a different ordering
with Virginia expecting to see the highest increase in the number of buildings estimated to be damaged (27%),
followed by Florida (22%), South Carolina (21%), Maryland (19%), Massachusetts (18%) and Mississippi (18%). In
regards to the largest increases in downtime days, Louisiana (224% increase), Florida (75% increase), Texas (73%
increase), Mississippi (53% increase), and South Carolina (51% increase) are estimated to see the biggest increases
in lost operability time of retail and office buildings. Finally, the largest increases in overall impacts to the larger
economy are estimated to be felt in Louisiana (192% increase), Florida (74% increase), Delaware (48 increase),
South Carolina (48% increase), and Texas (34% increase). Ultimately, all of these indicators continue to highlight
the point that the largest risk today and into the future exists in currently vulnerable areas that are going to see their
economic risk increase as the changing environment continues to increase the risk of flooding in these states.

DISCUSSION

By coupling the high precision FSF-FM with the first principles of engineering approach employed in the
development of the risk model, this analysis represents the first spatial risk analysis (with multiple risk metrics) of
commercial properties at a national scale, developed at the precision of the building level. The results of the analysis
indicate that there are currently 729,999 retail, office, and multi-unit residential properties at risk of annualized flood
damage in the contiguous United States, and the absolute count of buildings at risk will grow by about 8% by the
year 2052 as a result of climate change. The structural damage associated with this risk is currently over $13.5
billion annually and expected to grow to $16.9 billion over the same time period (~25.4% increase), with the
combined lost days of building operation for all retail and office buildings growing from 3.1 million to 4.0 million
lost days of operation over that time period for existing structures (~29.1% increase). On top of the structural
damage to the building structures, the economic impacts on local economies is estimated to to grow from $26.8
billion in direct lost output and $23.0 billion in indirect impacts due to downtime days ($49.9 billion total) to $34.0
billion and $29.1 billion ($63.1 billion total), respectively (~26.5% increase over the time period).

Hazard information in existing research looking to model the flood exposure or risk of properties within the United
States often relies on outdated inputs, low-resolution data, or overly simplistic modeling techniques. Within the
United States, flood hazard information often relies on FEMA flood zone maps, which face many of these
challenges. Worldwide, high-resolution and comprehensive flood hazard information are still difficult to obtain and
integrate into flood risk assessments. Additionally, inadequate information specifying property use types (isolation
of commercial buildings spatially) and other building characteristics for estimating vulnerability from damage
functions also poses a challenge, especially when spanning wide geographical areas as it requires these data to be
collected in a reliable and standardized manner. Flood risk models also often do not use specified damage functions
appropriate for large buildings such as commercial buildings. As a result, damage functions are often tied to
specified locations, are linear in nature, or are applicable most reliably for single family residential properties.
Estimates of costs from flooding events often do not take into account economic impacts when an engineering
approach to estimating loss is undergone, such as for structural damage functions. Finally, abilities of flood risk
projections into the future are computationally difficult and require more data than is often available. With these
opportunities in mind, the contributions of this model include:

● High Resolution Input Data: The development of a national scale, high-resolution commercial flood risk
model is achieved through the input of high-resolution hazard and property data for the contiguous United
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States. Flood hazard data is sourced from the First Street Foundation Flood Model (FSF-FM; Bates et al.,
2021). Property specific spatial parcel data is sourced from county-level property assessor records collected
and standardized by Lightbox (a 3rd party data provider). These high-resolution data sources allow for
high-precision risk assessments at a national level that many other sources of hazard and property data do
not allow for.

● Multi-Source Flood Hazard Information: The high-resolution and nationally consistent flood hazard
estimates include the integration of multiple sources of flooding. Many previous risk score developments
rely on single-source hazard information, (i.e. - surge, riverine, rainfall, or tidal, or a limited combination of
these sources resulting in lower model fidelity). The FSF-FM hazard information incorporates flooding
from tidal, surge, fluvial, and pluvial sources for a more comprehensive characterization of flood hazard for
the entire country. It also facilitates the quantification of average annual losses, an important indicator of
risk.

● Multi-Return Period Hazard Information: A probabilistic approach for the magnitude of expected
flooding and probabilities of the occurrences of those magnitudes is utilized in the hazard information,
avoiding the limitations of other hazard sources where only a single hazard probabilistic layer is utilized.
This allows for a better and more consistent view of flood hazard which varies across location and is based
on the flood profile of each unique area.

● Component-Based Depth-Damage Functions: Depth-damage functions relate flood depth to structural
damage and downtime days (length of time building is inoperable) for thirty building archetypes
representing office, retail, and multi-unit residential spaces of various heights (low, mid, and high rise
categories), construction material (timber versus non-timber), and basement configurations. Each archetype
model was populated with typical building components, including structural members, equipment,
plumbing, electrical lines, partitions, and finishes according to building properties such as area, height, and
usage. This approach is unique as many previous research efforts have been limited by simple linear
depth-damage functions based or are available primarily for single family residential properties.

● Integration of GDP and Economic Multipliers Information: GDP data by sector at the state and county
level and economic multipliers by sector at the state level are utilized to create broad level estimates on the
direct and indirect economic impacts caused by the downtime estimates for each retail and office property.
These costs are typically undervalued in other approaches that consider only structural damage costs rather
than economic impacts.

● Future Facing Risk: The FSF-FM additionally allows for the estimation of relative risk now and 30 years
in the future. The same flood hazard modeling approach is utilized for the development of future flood
hazard layers which is then applied to the existing property and vulnerability inputs to isolate the effects of
a changing environment on existing vulnerability by holding development, population shifts, and adaptation
efforts constant. This reduces uncertainty by focusing only on changes in existing risk rather than including
information with additional uncertainty, allowing for more reliable identification of areas and infrastructure
which may experience higher risk due to flood hazard today and in the future.

This study faces several limitations illustrating opportunities for improvement when high-resolution and consistent
data are available. One of these limitations stems from the use of depth-damage functions to estimate building
damage rather than multivariate models which make use of variables such as velocity, duration of inundation, or
water contamination. These types of variables for the construction of multivariate models were not available at
high-resolution and with future predictions within the flood hazard model utilized in this study. Additionally,
damage functions for commercial buildings are difficult to validate against data such as from commercial insurance
policies as they are not normally publicly available and its use in research is limited by privacy restrictions (UMD &
TAMUG, 2018).

Related to economic impact estimations, there are several important opportunities for model improvement. Firstly,
since the GDP information is provided on a state or county resolution and GDP for the land use categories involve
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the aggregation of multiple sectors, direct economic damages will not be an accurate portrayal of individual
properties but should be considered only on a larger geographical scale, or labor market level. Urban areas and rural
areas will have important differences in their economic impacts, so the integration of higher resolution economic
data would also prove useful for a more comprehensive view of risk. Additionally, economic impacts are calculated
based on downtime day estimates, which does not account for possibilities related to a business
completely/permanently closing. Therefore, estimates will be biased upwards due to these underlying assumptions
of a business continuing operations normally if repairs are finished. However, the effect will be mitigated when
considering that business closure may result in larger/ongoing macro-economic impacts which are not accounted for
here.

Additionally, an underlying assumption in the calculation of economic impact estimates is the appropriateness of the
40% deflator for activity reduction (such as where employees may be able to work from home). Appropriate deflator
values are likely to vary by land use type/sector of the commercial building, so additional research identifying
variations in these deflector values would prove useful when coupled with data specifying these land-use/sector
types. Relatedly, the RIMS II multipliers for each state and sector exist as type 1 and type 2, where the type 2
multipliers not only consider the downstream impacts of foregone macro-level market transactions but also the
impacts of foregone purchases due to employees' income being reduced from their place of work being closed. A
key assumption utilized here is the appropriateness of the RIMS II type 1 multipliers over the type 2 multipliers. The
type 1 multipliers were utilized as it was assumed that employee income and purchasing power would not be
reduced. This relies on an additional assumption that most employees receive incomes through salary rather than
hourly pay. This was accepted as an assumption here as there was not deemed to be adequate information or high
resolution data allowing the informed application of type 2 multipliers. Therefore, results are likely more
conservative than they would be if type 2 multipliers were used in addition to type 1 multipliers. When considering
retail buildings such as restaurants where employees are more likely to be employed on an hourly basis and cannot
as often work from home, this presents an obvious opportunity for model improvement when this type of high
resolution data is available.

CONCLUSIONS

In this study, a framework is developed for flood risk assessment as related to commercial and multi-unit residential
buildings and employed across the United States. A key objective of this paper is to create a methodology for
estimating flood risk (measured by structural damage costs, downtime days, and economic impacts) at a
high-resolution now and across the next 30 years with climate change as related to commercial buildings. Key
developments here are the integration of high-resolution hazard information, appropriate depth-damage functions for
commercial buildings, and economic data (GDP and multipliers tied to land-use types) for the estimation of
commercial risk from probabilistic exposure to flood hazards in the present day and projected 30 years into the
future. The structural damage, downtime days, and economic impact metrics provide common measures broadly
related to vulnerability which may be useful for improving understanding of relative risk by location and over time.
These metrics will also be useful for future research looking to improve risk estimates through the integration of
additional high-resolution data such as variables useful for the creation of multivariate damage functions or the
improvement of economic impact estimates.

Additionally, the framework developed here for the assessment and mapping of flood risk as related to commercial
properties may be applied in other areas around the world which have similar data available, as well as in areas
within the United States who have high quality data available for that location. Application of this methodology to
other countries/locations is limited when the quantity and quality of data available is poor, and computational effort
is high. Without high resolution hazard and property information, depth-damage functions for specific properties
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cannot be easily developed (multivariate depth damage functions are more difficult to apply, otherwise will need to
use simpler depth-damage functions). Damage functions as developed here (since component based) are suitable for
application to structural damage cost estimates as well as for downtime estimates. These downtime estimates
facilitate the calculation of economic impacts (direct and indirect), so without this calculation these economic
estimates will be much more difficult. Additionally, economic impact calculation is facilitated by data availability of
GDP contribution and I-O multipliers (which also requires property information on land-use/sector types). These all
illustrate the challenges of the application of the methodology developed here in areas where such data is not
available.

The methodology and risk estimates provided by this study will be useful for prioritizing investment in purchasing
decisions, mitigation and adaptation, and general planning for commercial markets, individuals, and governments.
Providing high-resolution flood risk metrics for commercial buildings and markets contributes to a more holistic
understanding of flooding and its physical and economic impacts through complementing alternative risk metrics
such as those associated with residential properties, community infrastructure, critical infrastructure, and population
demographics.
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Tables and Figures

Table 1 Top 20 Metropolitan Areas Ranked by Current Structural Damages for Commercial Building Types

Metro Area Office Bldgs Retail Bldgs Multi-unit Residential

Total count w
damage

Total structural
damage ($MM)

Total count w
damage

Total structural
damage ($MM)

Total count w
damage

Total structural
damage ($MM)

Miami, FL 4,750 $209.1 13,240 $374.1 7,980 $489.9

New York, NY 2,320 $62.4 23,990 $366.4 4,060 $153.6

Pittsburgh, PA 1,710 $90.6 8,810 $329.3 840 $28.0

Boston, MA 1,090 $75.0 5,560 $200.6 1,680 $55.3

Houston, TX 2,130 $36.1 18,120 $207.9 850 $43.1

San Francisco,
CA 1,560 $43.5 5,240 $201.7 1,000 $38.7

Tampa, FL 3,750 $92.8 6,820 $137.7 1,030 $25.3

Los Angeles,
CA 3,900 $46.9 15,640 $129.3 2,220 $67.0

Dallas, TX 900 $30.9 5,980 $116.6 300 $79.9

Seattle, WA 2,110 $71.0 4,080 $98.2 1,210 $40.2

Philadelphia, PA 680 $102.0 6,830 $90.7 3,590 $15.2

Chicago, IL 1,070 $17.5 14,490 $149.3 6,250 $32.8

Atlanta, GA 700 $42.0 2,790 $122.4 250 $15.8

Washington, DC 1,050 $52.6 2,700 $88.6 1,470 $17.4

Harrisburg, PA 730 $71.2 1,960 $69.1 260 $7.4

Riverside, CA 800 $6.8 6,480 $112.2 520 $11.4

Asheville, NC 370 $12.6 1,280 $89.1 1,140 $18.5

Gulfport, MS 800 $7.7 1,660 $105.8 400 $5.9
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Table 2 Top 20 Metropolitan Areas Ranked by Current Economic Damages for Office and Retail Buildings

Metro Area Office Bldgs Retail Bldgs Total Economic Impacts

Total downtime
days

Economic damages
($MM)

Total downtime
days

Economic damages
($MM)

Total Economic
damages ($MM)

% of GDP

Miami, FL 23,120 $3,261.6 60,130 $1,700.3 $4,961.9 2.0%

New York, NY 7,300 $3,409.0 95,450 $1,140.9 $4,549.9 0.4%

Boston, MA 5,310 $1,968.7 35,940 $501.8 $2,470.5 0.8%

Pittsburgh, PA 21,580 $1,370.8 111,230 $633.7 $2,004.5 2.2%

Philadelphia, PA 3,550 $1,429.9 24,080 $182.3 $1,612.2 0.6%

Chicago, IL 1,820 $997.9 31,850 $322.4 $1,320.3 0.3%

San Francisco,
CA 4,800 $995.9 27,010 $259.8 $1,255.7 0.3%

Tampa, FL 11,920 $794.7 32,390 $298.2 $1,092.9 1.0%

Bridgeport, CT 1,350 $956.1 8,900 $119.2 $1,075.3 1.6%

Los Angeles,
CA 7,400 $798.2 25,410 $218.4 $1,016.6 0.1%

Seattle, WA 8,660 $623.8 27,750 $386.5 $1,010.3 0.4%

Houston, TX 2,350 $474.6 57,030 $296.4 $771.0 0.3%

Columbus, OH 5,380 $542.2 5,540 $105.1 $647.3 0.8%

Atlanta, GA 3,280 $415.4 11,380 $201.6 $616.9 0.2%

Harrisburg, PA 17,810 $458.1 30,460 $145.6 $603.6 2.9%

San Jose, CA 2,510 $498.9 1,830 $21.5 $520.4 0.2%

Washington, DC 2,780 $373.1 13,280 $139.3 $512.4 0.2%

Jacksonville, FL 5,500 $397.0 7,660 $82.5 $479.4 0.9%

Dallas, TX 1,810 $324.2 8,460 $124.7 $448.9 0.1%

Milwaukee, WI 1,070 $337.8 5,360 $51.8 $389.6 0.7%
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Table 3 Top 20 Metropolitan Areas Ranked by Change in Structural Damage in the Next 30 Years

Metro 30 yr change in count w
damage

30 yr change in structural
damage

30 yr change in downtime days 30 yr change in economic
damages

Bay City, TX 5.8% 600.6% 804.6% 908.5%

Beaumont, TX 26.3% 552.4% 649.3% 588.3%

Houma, LA 11.0% 510.4% 450.4% 597.3%

Morgan City, LA 37.4% 494.3% 625.4% 766.1%

Lake Charles, LA 39.3% 403.9% 479.2% 446.0%

Port Lavaca, TX 128.1% 223.6% 347.2% 751.5%

Homosassa Springs,
FL 4.2% 145.3% 116.3% 120.5%

Cape Coral, FL 11.6% 143.5% 130.5% 156.9%

Elizabeth City, NC 20.3% 135.7% 136.9% 138.1%

New Orleans, LA 1.9% 134.3% 183.9% 314.7%

McComb, MS 14.3% 127.3% 12.5% 51.6%

Washington, NC 1.4% 116.3% 115.2% 101.5%

Eufaula, AL 11.1% 104.7% 109.1% 177.6%

Ozark, AL 0.0% 103.6% 80.0% 120.6%

St. Marys, GA 31.0% 103.2% 140.6% 219.1%

Kill Devil Hills, NC 19.5% 100.4% 97.4% 134.0%

Jacksonville, FL 20.4% 99.7% 94.1% 103.4%

Winnemucca, NV 16.7% 99.3% 150.0% 648.0%

Charleston, SC 26.6% 94.7% 133.7% 78.4%

Tampa, FL 25.1% 93.2% 91.1% 91.6%
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Table 4 Top 20 States Ranked by Current Structural Damages for Commercial Building Types

State Office Bldgs Retail Bldgs Multi-unit Residential

Total count with
damage

Total structural
damages ($MM)

Total count with
damage

Total structural
damages ($MM)

Total count with
damage

Total structural
damages ($MM)

Florida 19,250 $491.1 39,730 $868.5 12,920 $589.3

Pennsylvania 4,900 $324.3 31,650 $810.3 7,390 $83.9

California 15,460 $243.4 50,960 $728.2 9,330 $216.4

New York 4,630 $131.7 30,740 $551.6 11,140 $262.1

Texas 6,140 $98.1 50,500 $562.0 3,680 $163.8

Virginia 2,840 $116.4 9,100 $301.1 1,990 $58.8

Massachusetts 1,710 $85.5 9,680 $285.9 2,350 $72.2

Ohio 4,440 $118.1 17,240 $295.0 2,260 $29.5

Washington 5,180 $112.5 13,550 $233.7 4,170 $71.6

Tennessee 3,400 $67.4 11,780 $303.9 1,060 $45.1

North Carolina 3,200 $71.1 11,480 $278.4 3,280 $51.6

Georgia 4,380 $105.5 8,580 $213.9 1,350 $23.9

Connecticut 680 $35.2 6,920 $226.3 760 $26.7

Michigan 1,680 $28.1 15,960 $250.7 480 $9.1

Illinois 1,100 $18.4 20,870 $223.0 6,820 $41.9

Oregon 2,200 $60.7 13,220 $179.8 2,450 $35.6

Louisiana 2,850 $26.5 15,550 $146.5 2,670 $74.9

Wisconsin 600 $28.6 13,060 $202.1 680 $13.7

New Jersey 460 $7.4 13,870 $198.4 1,240 $14.4

Alabama 2,870 $41.6 8,190 $139.4 900 $16.1
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Table 5 Top 20 States Ranked by Current Economic Damages for Office and Retail Buildings

State Office Bldgs Retail Economic Impacts

Total downtime
days

Economic damages
($MM)

Total downtime
days

Economic damages
($MM)

Total Economic
Damages ($MM)

% GDP

Florida 81,180 $4,840 185,150 $2,190 $7,030 1.0%

New York 18,930 $3,791 145,860 $1,584 $5,375 0.4%

Pennsylvania 53,580 $3,845 289,660 $1,396 $5,241 1.2%

California 31,320 $3,645 119,750 $1,315 $4,960 0.3%

Massachusetts 7,330 $1,982 56,850 $652 $2,634 0.7%

Texas 12,740 $1,380 126,220 $847 $2,227 0.2%

Connecticut 3,570 $1,481 38,690 $362 $1,843 1.0%

Illinois 2,480 $1,265 54,310 $390 $1,655 0.3%

Ohio 23,470 $1,059 105,310 $585 $1,644 0.5%

Washington 18,240 $897 60,320 $595 $1,492 0.4%

Virginia 12,410 $949 57,140 $372 $1,321 0.4%

New Jersey 1,520 $717 68,660 $501 $1,218 0.3%

Georgia 31,300 $860 37,360 $327 $1,187 0.3%

Wisconsin 2,170 $974 56,030 $192 $1,166 0.7%

North Carolina 19,470 $526 73,330 $407 $933 0.3%

Tennessee 15,160 $385 64,870 $456 $841 0.4%

Oregon 6,280 $365 55,960 $269 $634 0.5%

Maryland 5,930 $350 25,050 $260 $610 0.3%

West Virginia 9,560 $285 60,040 $313 $598 1.9%

Michigan 3,580 $370 36,660 $190 $560 0.2%
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Table 6 Top 20 States Ranked by Change in Structural Damage in the Next 30 Years

State 30 yr change in count w
damage

30 yr change in structural
damages

30 yr change in downtime
days

30 yr change in economic damages

Louisiana 8.4% 139.7% 224.0% 192.4%

Florida 21.8% 65.9% 74.6% 73.9%

Delaware 17.9% 49.5% 46.2% 48.3%

South Carolina 21.2% 46.1% 51.3% 48.2%

Texas 7.2% 40.1% 72.5% 34.0%

New Jersey 17.2% 36.4% 38.8% 28.8%

Mississippi 18.2% 34.6% 52.5% 36.2%

Massachusetts 18.2% 25.9% 32.4% 31.6%

District of Columbia 7.6% 25.8% 19.5% 32.7%

Alabama 6.3% 21.7% 27.7% 26.2%

Maryland 18.9% 21.5% 31.6% 23.3%

Rhode Island 12.2% 20.7% 26.1% 23.9%

Georgia 8.1% 19.8% 31.0% 21.1%

North Carolina 6.5% 19.0% 22.9% 27.8%

New York 12.5% 18.3% 15.7% 23.8%

Nevada 7.7% 17.6% 19.5% 36.6%

Virginia 26.5% 17.0% 18.0% 23.6%

California 5.6% 16.0% 14.8% 13.9%

Connecticut 12.5% 15.8% 16.7% 15.1%

Washington 7.6% 13.0% 12.4% 13.0%
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Fig. 1 Fragility curves for interior building partitions
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Fig. 2 Low-rise Office building (Non-timber) building archetype vulnerability curve for the 10th, 50th, and 90th
percentile losses

A. C.

B.
● Panel A. Loss Estimates in Dollars by Flood

Depth

● Panel B.Downtime Days of Building
Inoperability by Flood Depth

● Panel C. Example Normative Building
Component Impacts for Archetype by Flood
Depth.
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Fig. 3 Metro Structural Damage Costs
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Fig. 4 Change in Metropolitan Structural Damages in the Next 30 Years
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Fig. 5 State Structural Damages
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Fig. 6 Change in State Structural Damages in the Next 30 Years
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