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Abstract

Flood risk assessment contributes to identifying at-risk communities and supports mitigation
decisions to maximize benefits from the investments. Large-scale risk assessments generate
invaluable inputs for prioritizing regions for the distribution of limited resources. High-resolution
flood maps and accurate parcel information are critical for flood risk analysis to generate reliable
outcomes for planning, preparedness, and decision-making applications. Large-scale damage
assessment studies in the United States often utilize the National Structure Inventory (NSI) or
HAZUS default dataset, which results in inaccurate risk estimates due to the low geospatial
accuracy of these datasets. On the other hand, some studies utilize higher resolution datasets,
however they are limited to focus on small scales, for example, a city or a Hydrological United
Code (HUC)-12 watershed. In this study, we collected extensive detailed flood maps and parcel
datasets for many communities in lowa to carry out a large-scale flood risk assessment. High-
resolution flood maps and the most recent parcel information are collected to ensure the accuracy
of risk products. The results indicate that the Eastern lowa communities are prone to a higher risk
of direct flood losses. Our model estimates nearly $10 million in average annualized losses,
particularly in large communities in the study region. The study highlights that existing risk
products based on FEMA's flood risk output underestimate the flood loss, specifically in highly
populated urban communities such as Bettendorf, Cedar Falls, Davenport, Dubugue, and
Waterloo. Additionally, we propose a flood risk score methodology for two spatial scales (e.g.,
HUC-12 watershed, property) to prioritize regions and properties for mitigation purposes. Lastly,
the watershed-scale study results are shared through a web-based platform to inform the decision-
makers and the public.
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1. Introduction

Flooding causes heavy economic losses on properties in urban areas across the world. In the United
States, more than $39 billion was paid for flood insurance claims between 1984 to 2020, and nearly
41 million people live within the 100-year flood zone (FEMA, 2020; Wing et al., 2018). Flooding
and severe storms have the highest proportion of presidential disaster declarations in the U.S.
(FEMA, 2020). Every year, the Federal Emergency Management Agency (FEMA) provides grant
opportunities for vulnerable communities through various mitigation programs such as Hazard
Mitigation Grant Program (HMGP), Flood Mitigation Assistant (FMA) Program, and Building
Resilient Infrastructure & Communities (BRIC) to reduce flooding impact (FEMA, 2020). Recent
studies indicate that the probability and magnitude of flood events are increasing in many regions
in the US (Barth et al., 2018; Musselman et al., 2018; Mallakpour and Villarini, 2015; Slater and
Villarini, 2016, Paprotny et al., 2018). Along with the probability and magnitude of an event,
studies reveal that human interaction and climate trends contribute to the number of extreme
flooding events. Rapid urbanization (Hodgkins et al., 2019), changing land use (Rogger et al.,
2017), and shifting flooding patterns (Bloschl et al., 2017) are increasing urban flood risk for
communities. Understanding the risk is critical to take strategic mitigation measures to eliminate
life losses and reduce economic impacts to create flood-resilient communities.

Many scientific studies and reports on flood resilience have been published in the last few
decades (WMO, 2020; World Bank, 2013; UNISDR, 2015). Flood resilience is defined as a
community's ability to accommodate disruptions (e.g., geophysical, economic, social) as well as
resist, absorb, or restore from disruptions (e.g., floods, storms, earthquakes) in a short period of
time (Sayers et al., 2013).In many developed countries, federal and local authorities support flood
resilience research and applications (DHS, 2019; DEFRA, 2016; CSIRO, 2020; Gupta, 2020). An
integrated resilience plan can be created with a multi-disciplinary approach, including economic,
environmental, social, and governance aspects of flooding (Schelfaut et al., 2011, Demir et al.,
2018). A resilience plan can also be enhanced with individual studies by examining environmental
(Wang et al., 2019), economic (Hallegatte, 2014), social (Cutter et al., 2018), and governance
(Vitale et al., 2018) aspects of the phenomena. Flood risk studies generate valuable inputs to
contribute to flood resilience plans for communities in flood-prone regions (Waghwala et al., 2019)
by examining property losses (Nofal et al., 2020), agricultural losses (Tapia-Silva et al., 2011),
transportation disruption (Suarez, 2005), what-if analysis (Lawrence et al., 2013), and many other
related elements. Web-based systems are critical in communicating community level studies on
flood risk (Teague et al., 2021), water quality (Demir et al., 2009), and sedimentation (Xu et al.,
2020) to many stakeholders, and supporting participatory decision making (Ewing and Demir,
2021).

1.1. Flood Risk Assessment

Flood risk assessment is critical to support various decisions such as selecting a mitigation option
(Merz and Thieken, 2004), determining design level for a mitigation application (Morita, 2008),



and specific implementations like constructing a reservoir (Sumi, 2008), managing a reservoir
(Huang et al., 2018), and designing a levee (Jonkman and Schweckendiek, 2015). Besides, the
feasibility of the mitigation practices can not be assessed without flood risk research and previous
flood event data (Sebastian, 2016; Haltas et al., 2021, Yildirim and Demir, 2021). A flood
resilience plan for a community can be enhanced by the contribution of a detailed flood risk
analysis. However, quantifying flood risk is a challenge due to the complexity of estimating all the
consequences of a disaster event. Various infrastructures may be affected during a flood event,
such as public and private properties, businesses, transportation, and essential facilities.
Particularly, estimation of indirect losses for an impacted region is critical because of the long-
term effects of an event (Merz et al., 2011), data confidentiality (e.g., health, insurance expenses)
(Andre et al., 2013), and challenges of assessing neighboring regions of the affected area (Merz et
al., 2010). A detailed direct flood loss assessment can reflect the level of an impact for a potential
flood event.

Decision-makers often utilize direct flood damage and loss estimates to determine at-risk
communities, develop emergency plans, and select mitigation measures to reduce flooding impact
(Yildirim and Demir, 2019). Damage functions (Yildirim, 2017) and fragility curves (Gouldby et
al., 2008) are frequently employed analytical approaches to quantify direct flood losses. On the
other hand, high-quality datasets for research and community studies (Ebert-Uphoff et al., 2017)
are essential to generate more reliable assessments. One of the vital data needs is high-resolution
flood inundation maps that are significant to couple with damage functions for estimating loss
more accurately. Well-structured and spatially accurate property information is also essential to
utilize in flood risk assessment. After the data requirements are satisfied in the assessment, the
deliverables can be improved using visualization techniques, and scoring or indexing
methodologies. Prioritizing regions can be used to allocate limited resources more effectively for
mitigation applications.

1.2. Flood Risk Quantification and Scoring

Flood risk scoring or indexing is one of the most frequent methods for communicating flood risk
assessment products. Risk scoring allows for prioritizing regions at-risk, updating emergency
operation plans, improving hazard mitigation plans, educating homeowners/renters, and
facilitating community-level risk communication (FEMA, 2021). Several studies have proposed
flood risk score methodologies for classifying at-risk properties and communities (Martinez-Grafia
et al., 2016). These studies utilized the scoring methodologies based on various types of inputs
such as geomorphological features (Martinez-Grafia et al., 2016), risk of essential facilities
(Phongsapan et al., 2019), hydrological parameters (Khan et al., 2019; Gao et al., 2020), flood
zone (Luu et al., 2020; Eichholtz et al., 2019), and inundation depth (Phillips et al., 2017; Garvin
etal., 2016). The data availability can be a significant obstacle for flood risk scoring (Emanuelsson
et al., 2014). Studies may rely on detailed hydraulic flood models to conduct flood score risk, and
others may use comprehensive datasets for critical infrastructure or demographics to score the risk.
However, a flood risk score enhanced with mitigation input can be more helpful for loss reduction.
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To support the National Flood Insurance Program (NFIP), FEMA released a product called Risk
Rating 2.0, a decision guidance tool for risk scoring considering the mitigation (FEMA, 2021).
The flood risk score can generate valuable information in property and community scales for
allocating resources to reduce flooding impact.

1.3. Scope of the Study

Quantifying flood risk is a challenging task for decision-makers due to data availability and
required expertise in flood map modeling, geographic information systems (GIS), database
management. Performing a large-scale risk analysis is also a demanding activity for decision-
makers to manage and analyze big data (e.g., state-wide flood maps, parcel information). The
majority of the large-scale flood risk assessment studies deliver results at the census-block level
that may not sufficiently support reliable mitigation decisions. However, a property-level detailed
risk quantification generates more reliable input for identifying at-risk properties and supporting
mitigation decisions to reduce potential flood impacts. Thus, prioritizing the regions and properties
can be accomplished by allocating limited resources (e.g., hazard mitigation, public assistance) to
mitigate the effects of flooding.

This study presents an extensive flood risk assessment study for the state of lowa and compares
the state's flood risk with federal products such as flood risk maps, community resilience maps,
and social vulnerability maps. Nearly 48,000 properties are assessed using more than 450 unique
flood inundation scenario maps to conduct the risk assessment. The study compares the risk
outputs with FEMA's latest risk analysis to investigate the current products' accuracy for the state.
Also, community resilience and social vulnerability of the most impacted 20 census-blocks are
given based on FEMA's National Risk Index (NRI) products. Watershed-scale results are shared
through a web-based flood information system to inform decision-makers and the public. The
study also proposes a flood risk score methodology at the property and watershed-level (hydrologic
unit code (HUC)-12), considering the data challenges and limitations in the literature. The flood
risk score is generated using inundation depth, flood zone, average mitigation costs, average
annualized losses regarding probability-based flood scenarios for a property and a watershed-level.
The risk score can be an input for mitigation decisions (i.e., buyout, dry floodproofing,
sandbagging). Thus, the study's output can deliver insights into the communities' flood risk in the
state and contribute to mitigation decisions (Sermet et al., 2020; Xu et al., 2020) to reduce future
flood losses.

The study presents the overall methodology covering the study region, data sources, loss
estimate methodology, and the flood risk score methodology in the following sections. Then, the
results of the large-scale flood risk analysis and implementation of the flood risk score
methodology are shared. Finally, key takeaways, challenges, and future work are given in the
conclusion.



2. Methodology
2.1. Case Study

lowa has experienced several flooding events in major communities over the last three decades,
such as flooding in 1993, 2001, 2008, 2014, 2016, and 2019 (Flood Factor, 2020; FEMA, 2020;
Brakenridge, 2020; Flanagan, 2020). Since 2005, FEMA has supported communities in lowa by
funding $1.57B for public assistance, $145M for preparedness, and $513M for mitigation purposes
(FEMA, 2020). The U.S. Department of Housing and Urban Development sponsored the lowa
Watersheds Approach (IWA) project to mitigate flood damage and improve the resilience of the
communities in the state (Weber et al., 2018). IWA is a five-year-long project started in January
2016 that involves multiple institutions (e.g., governmental, academic, municipal) collaborating to
mitigate potential flooding impacts for select communities in lowa (Rundhaug, 2018).
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Figure 1. Study region for the flood risk assessment in lowa

This study contributes to the lowa Watersheds Approach project by delivering the watershed-
scale flood risk assessment in nine watersheds: Clear Creek, Dubuque Bee Branch, East
Nishnabotna, English River, Middle Cedar, North Racoon, Upper Wapsipinicon, Upper lowa, and
West Nishnabotna. Over the last couple of decades, these watersheds have experienced several
flooding events that severely impacted the communities in the region (FEMA, 2020). The region's
major streams are the Cedar River, the Des Moines River, and the lowa River that joins the
Mississippi River. The region's landscape is heavily altered, primarily by agricultural practices and
urban settlements that occupy %87 of the state's land cover (Herringshaw et al., 2011). In addition
to the watershed-scale focus, the study also investigates the flood risk of eight lowa counties near
shorelines along the Mississippi River (Clinton, Des Moines, Dubuque, Jackson, Lee, Louisa,
Muscatine, and Scott counties) on the county-scale. Lastly, the city-scale risk assessment is carried



out for Cedar Falls, Cedar Rapids, Des Moines, lowa City, Waterloo, and Waverly. The study
region on all scales is demonstrated in Figure 1. Figure 2 shows the population distribution across
the state and the study region. The study region is selected to cover highly populated communities
that are prone to significant flood events considering the region's experience of flooding events
and the population.

2.2. Data Collection

The study utilizes various data sources such as parcel information, high-resolution (1-meter) flood
inundation maps, flood damage functions, satellite imagery, and building footprint data. These
datasets are acquired from multiple governmental, academic, and private institutions, including
the lowa Homeland Security Emergency Management Department (IHSEMD), the United States
Army Corps of Engineers (USACE), the lowa Flood Center (IFC), and county tax assessors. The
PostgreSQL and PostGIS libraries are used to manage and process datasets on the server-side.
Table 1 summarizes the physical information, population, and list of datasets that are utilized in
this study. The study region covers more than half of the population of the state. The populations
of the large communities are subtracted from the watershed population in the table.
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Figure 2. Population distribution in the State of lowa (The U.S. Census Bureau, 2021)

The parcel information is collected from the county tax assessors for the county-scale and the
city-scale assessments. The watershed-scale parcel data is collected during the IWA project. The
parcel data's spatial coverage is validated for properties using Quantum Geographic Information
System (QGIS) and satellite imagery data. The building footprint repository from Microsoft is
used to estimate the square footage for the properties with no value recorded in the county-scale



assessment. Then, structural values are estimated based on the square foot value for the properties
on the county-scale.

The flood maps were acquired from the lowa Flood Center, which developed state-wide high-
resolution flood inundation maps. Raster-based digital elevation models (DEMs) with a one-meter
resolution are used to generate the flood maps (Gilles et al., 2012). The flood maps created in
different probability are utilized in the study to analyze losses in a probabilistic approach. The
flood maps based on 500-, 200-, 100-, 50-, 25-, 10-, 5-, and 2-year return period floods are used
for the watershed-scale flood risk assessment. In the city-scale study, flood maps are created
considering the United States Geological Survey (USGS) gauge location to reflect flood
inundation at every half-foot of stage-height. The rating curves developed by the National Weather
Service are employed to find corresponding stage-height flood maps for the probabilistic flood
maps. These eight probability-based scenarios are used for other estimations in the study. The
USACE provided the flood maps based on six probabilities in the county-scale risk assessment,
namely 500-, 200-, 100-, 50-, 25-, and 10-year return period floods. The flood maps are handled
in raster format in the PostgreSQL database.

Table 1. Data summary for flood maps and parcel information

. . Area | Flood [ Number of | Total Property

Sitlte} Rzl FRUIEUE (sg mi) | Maps | Properties Value
Cedar Falls 40,983 30 50 546 $244.0 M
‘s |Cedar Rapids 132,301 72| 60 4,033 $999.5 M
4 |Des Moines 215,636 90| 120 8,312 $2,169.6 M
> [lowa City 74,950 26| 34 5,149 $1,941.1 M
O |Waterloo 67,912 63] 60 7,201 $1,563.7 M
Waverly 10,094 12] 36 3,598 $574.6 M
Clinton 46,909 695 6 232 $274.8 M
= Des Moines County 39,386 517 6 171 $116.6 M
& [Dubugue 96,982 608| 6 103 $228.1M
;' Jackson 19,401 591| 6 109 $15.1 M
c |Lee 34,227 517 6 175 $197.6 M
§ Louisa 11,178 202] 6 46 $6.8M
Muscatine 42,889 439 6 191 $167.6 M
Scott 172,446 458| 6 1,149 $3,197.0 M
Clear Creek 29,862 4227 8 672 $658.3 M
C |East Nishnabotna 47,538 1,149] 8 2,517 $3782M
3 |English River 21,700 639] 8 213 $156.0 M
3 |Middle Cedar 55,440 6,710 8 6,269 $2,159.1 M
% [North Racoon 146,610] 2470 8 2,947  $1,005.4 M
£ |Upper lowa 1,001 23,000f 8 156 $15.7M
< |Upper Wapsipinicon 53,800 1568| 8 2,762 $548.8 M
West Nishnabotna 1,652 47,858 8 1,112 $165.8 M




Flood damage function is the fundamental element for quantifying structural and content losses.
These functions give the relationship between flood depth and the damage percentage of the
structure and content of a building. In this study, damage functions that are developed by the
USACE are employed for loss estimations. The study utilized 36 unique flood damage functions
that are created based on occupancy types (e.g., residential, commercial, agricultural, industrial,
public). The functions are stored in the PostgreSQL server for querying and estimating flood
damage.

In order to compare flood risk products, the National Risk Index products, which are created
by the Federal Emergency Management Agency (FEMA), are collected for the study region. The
NRI contains annualized loss estimates, social vulnerability percentile (National and State), and
community resilience percentile (National and State) at the census-block level. The primary
objectives for the NRI are supporting emergency plans, prioritizing regions to allocate resources,
and enhancing hazard mitigation plans (FEMA, 2021). The NRI products are utilized for
comparing the average annualized loss estimates and querying social vulnerability and community
resilience ranks for the most impacted 20 census-blocks in our study.

2.3. Flood Risk Assessment

Flood inundation depths, damage functions, structural and content values for properties are the
primary inputs for the loss estimation analysis. The flood depths for properties are calculated based
on flood rasters and point locations of the properties using the PostGIS library. First-floor heights
are designated based on the occupancy type by employing the similar approach that HAZUS
(Hazard United States) methodology uses (Vickery et al., 2006) due to the lack of direct first-floor
height information on the parcel data. First-floor heights are subtracted from the inundation depths
to get the actual flood depth for each property. Then, flood damage functions are used to assess
structural and content loss ratios for each structure based on their occupancies. As demonstrated
in Figure 3, damage functions provide structural or content loss percentages based on the flood
depth for the occupancy type. Then loss ratios are multiplied with the structural and content values
to reveal direct dollar losses, as shown in equation 1.

Direct Loss = § x 2@ | (¢ x 22D (Eq. 1)
100 100
where DP,(d) is the structural damage percentage as a function of depth (Figure 3); DP.(d) is the
content damage percentage as a function of depth (Figure 3); S is the structural value for the
property; C is the property's content value, which is estimated based on the occupancy type.

The analysis is carried out for over 450 unique flood maps within the study sites. An average
annualized loss (AAL) is estimated for the study sites by using probability-based flood scenarios
(e.g., 0.2%, 1%, 2%, 4%, and 10% probabilities). Equation 2 shows the ALL estimation in the

study.



Lsoo + Laoo Laoo + Ligo
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+ (P1go — Pso)(%so) +(Pso — P;s) (%) + (P25 — Pyo) (%) (Ea. 2)

where L is the probability-based direct loss such as Ls, stands for direct loss in 500-year flood; P
is the probability of the scenario such as P, stands for the probability of a 500-year flood which
is 0.02.

The average annualized loss estimations are aggregated at census-block level and watershed-
level (HUC-12) for further analysis, such as flood risk scoring and flood risk map evaluation with
the National Risk Index products. The PostgreSQL with the PostGIS library is utilized to calculate
the required estimations explained above, and the results are stored on the server.
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Figure 3. Damage functions for commercial and residential buildings (Yildirim and Demir, 2019)

2.4. Flood Risk Score

The flood risk score is generated at the property-level and watershed-level. At the property-level,
the flood risk score mainly considers 30-year direct flood loss, which is estimated using the average
annualized loss estimation. Besides, property values, flood depths, average mitigation design
heights, and average mitigation costs are utilized in the flood risk score estimation. Mitigation
design heights and costs are collected from FEMA's guidelines (FEMA, 2009) by considering
different mitigation types (i.e., sandbagging, dry floodproofing, elevation, and relocation).
Therefore, the score reflects the flood risk considering what level of mitigation may be required
for the property. Four loss ratio groups are categorized based on the average mitigation costs and
design heights. The flood risk score uses the following equation and the procedure shown in Figure
4. LR, PV, D4, and C, represent loss ratio, property value, the flood depth at a 100-year flood



scenario, and elevation cost for the structure, respectively. Each loss ratio group is normalized
within their score groups, as shown in Figure 4.

In the watershed-level flood risk score, 30-year direct losses and property values are used to
estimate the loss ratio. However, the ratio is not adjusted based on the mitigation cost or design
level due to identifying an average mitigation cost, design height, and type for watershed scale.
The ratio is normalized in the neighboring watersheds (HUC-12) from 1 to 10 to assign the score.
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Figure 4. Flood risk score methodology in property-level

2.5. Flood Risk Communication

Web technologies improved significantly in recent decades providing desktop level capabilities
for computation, analysis and visualization. Web systems have been used widely in client-side
analysis and visualization of hydrological and disaster datasets for distributed computing
(Agliamzanov et al., 2020), data exploration (Seo, et al., 2020), and geospatial data processing (Sit
et al., 2019). Web systems facilitate communicating flood risk information with different
stakeholders, which is critical for incorporating multiple parties into the decision making process.
Community leaders, planners, decision-makers, and the public can be informed through web
systems to understand risk, vulnerable zones, and potential damage from a flooding event.

In this study, scenario-based damage maps are generated and converted to Keyhole Markup
Language (KML) format for easy delivery on a web-based system. HUC-8, HUC-12, and property-
level damage maps are shared through a web system for visualizing the risk maps in multiple
geospatial scopes. The analysis results of this study are integrated to the lowa Watershed Approach
Information System (IWAIS). The real-time stream gauge data and flood forecasting from the
national and academic institutions are also hosted at the IWAIS for decision support purposes
(Weber et al., 2018).

3. Results & Discussions

In this study, flood risk assessments are carried out for nearly 48,000 properties in the study region.
An average annualized loss (AAL) is estimated for each property using probability-based
scenarios. Then the ALLs are aggregated at the census-block level to share the outcomes and
compare them with federal risk and vulnerability assessments such as FEMA flood risk, social
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vulnerability, and community resilience indexing products. In Table 2, average annualized loss
estimates are shared at the city, county, and watershed scales. The parcel information processed in
the study does not cover most public buildings, critical infrastructures, and utilities. The county
tax assessors do not evaluate properties that have tax-exempt eligibility. Therefore, there is no
structural value or content value recorded for tax purposes for those structures. The output of the
assessment reflects the direct loss estimates based on the structural and content value. In the
following sections, we present the flood risk outcomes for each scale in the study and evaluate the
risk results by comparing the National Risk Index outputs. At the end of the section, the flood risk
score application is presented with a case study for the Middle Cedar watershed and Cedar Rapids
city.

Table 2. Annualized loss estimates and number of impacted properties in the study sites

. Annualized | Affected
Study Region Loss Properties
Cedar Falls $0.56 M 370
o | Cedar Rapids $1.96 M 2,480
S | Des Moines $1.02M 499
2 | lowa City $0.98M 4,461
O | waterloo $1.63M 5,521
Waverly $63K 268
Clinton $367K 229
Des Moines County $1.00 M 169
< | Dubuque $0.88 M 101
5’; Jackson $73K 105
‘_f_E; Lee $186 K 170
S | Louisa $27K 44
Muscatine $054M 189
Scott $39M 1,109
Clear Creek $12K 55
o | East Nishnabotna $73K 669
53; English River $1K 8
S | Middle Cedar $3.1M 2,030
% | North Racoon $28K 75
& Upper lowa $1K 4
= Upper Wapsipinicon $98K 262
West Nishnabotna $35K 49




3.1. Flood Risk Assessment

The results suggest that 18,867 properties are identified in the flood risk zone (500-year) out of
47,663 properties within the study sites. Middle Cedar is the most vulnerable in the watershed-
scale study, with an estimated $3.1 million average annualized loss. The highest number of
exposed properties is also estimated for the Middle Cedar watershed. 2,030 impacted properties
are identified in the watershed, including all damage levels from minor to major levels. Based on
the available dataset in the study, the least impacted watersheds are English Creek and Upper lowa.
On the county-scale, the study was conducted in eight jurisdictions along the Mississippi River
(Des Moines, Dubuqgue, Jackson, Lee, Louisa, Muscatine, Scott). Scott County is the most
vulnerable region with an estimated average annualized loss of $3.9 million. The large portion of
the loss is estimated for the city of Davenport within the county. In city-scale assessment, Waterloo
has the highest average annualized loss with $1.63 million and 5,521 impacted properties. The
assessment shows that Waterloo has the highest number of affected properties compared to other
communities in study for city-scale.
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Figure 5. Occupancy distribution of ALLs (left) and number of impacted properties (right)

a watershed-scale assessment, the impacted properties are predominantly residential in terms
of estimated average annualized loss and the number of affected properties. The flood exposure
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for other occupancy types is observed in other spatial scales. On the county-scale, most of the
annualized loss is estimated for commercial or industrial properties. Louisa County is one of the
outliers where residential properties are solely impacted. Overall, non-residential property damage
was greater on a county-by-county basis, but the number of exposed residential properties was
highest in all counties except Jackson.In Jackson County, agricultural facilities are affected more
than other regions in terms of average annualized losses and the number of impacted structures. In
Clinton County, over 90% of the losses are estimated for commercial properties. Despite the
number of impacted commercial properties being lower than other occupancies, Clinton County
can be considered an outlier due to prevailing commercial property losses.

Considering the major cities in the study region, lowa City is the most susceptible city
concerning residential flood exposure. Although the residential impact is also primarily higher
than different occupancy types in Cedar Falls and Waterloo, commercial flood impact is also
substantially high in these communities. Based on the available data, Davenport has the highest
public building exposure due to flooding compared to other cities. Commercial flood losses are
the highest in Des Moines, Cedar Rapids, and Bettendorf. Figure 5 provides more details about the
flood exposure percentage of dollar loss (left) and the number of impacted properties (right)
regarding occupancy type. Davenport is estimated with the highest dollar loss per capita in the
community-level assessment, which indicates the higher vulnerability of commercial and
industrial properties in the city. The dollar loss per capita for most studied communities shows a
similar ratio except Des Moines, which has the lowest loss per capita. Figure 6 demonstrates the
estimated average annualized loss and population of major communities. City boundaries are
considered to summarize the AALs and the population.
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Figure 6. Average annualized loss (AAL) estimates and population of major communities
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The watershed-scale flood risk assessment is made available to decision-makers and the public
through the lowa Watershed Approach information system (https://iwa.iowawis.org) to improve
the accessibility of the analysis. The Google Maps JavaScript Application Programming Interface
(API) is utilized for visualization purposes. The system is an intuitive map-based environment for
users to discover flood risk in the study regions. The results are shared at a watershed level (HUC-
8) and a property level. Figure 7 and Figure 8 indicate that flood risk assessments for the Middle
Cedar watershed and the property-level loss summary are given, respectively.
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3.2. Flood Risk Score

The flood risk score is generated for two spatial levels, property-level and watershed-level, within
the range of 1 to 10. A higher score indicates a high risk of flooding with costly mitigation. As a
case study, the flood risk score is applied in Cedar Rapids at the property-level, and Middle Cedar
at the watershed-level demonstrated in Figures 9 and 10. The main goal for the flood risk score is
to improve the risk products' accessability, prioritize regions or structures for mitigation, and
support mitigation decisions. The flood risk score is generated using 30-year direct flood loss based
on the average annualized loss estimation, property values, flood depth, mitigation costs, and
design levels. Property-level flood risk scores can be used in structure-specific mitigation decision
processes. The risk score delivers the flood impact level and reflects to what extent the property
needs a mitigation application because of the relevant inputs in the scoring methodology. For
instance, design heights and flood depts are critical to select mitigation methods for a property
based on FEMA's guidelines. On the other hand, the watershed-level flood risk score helps identify
regions that experience frequent flood loss. Therefore, regions with recurring flood damage can be
prioritized to reduce future impact. Overall, the flood risk score can be a helpful input for decision-
makers and the public to take mitigation measures to reduce flooding impacts. Due to the limited
resources, prioritizing is critical to locate the most vulnerable structures and to maximize the
benefits of the mitigation efforts.
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Figure 9. Property-level flood risk score for properties in Cedar Rapids

3.3. Comparison to National Risk Index

FEMA conducted disaster risk assessments considering multiple disaster types on a national scale
and shared the National Risk Index (NRI) products for researchers and the public (FEMA, 2021).
Our study employs NRI riverine flood risk products (i.e., flood loss, social vulnerability,

15



community resilience) to investigate loss estimates. Figure 11 shows the census-level building
values exposed to riverine flooding in this study at the top and FEMA's flood risk assessment at
the bottom. Typically, more building value in the exposed flood zone is an indicator of more
probable flood loss in the flood-prone area. As shown in Figure 11, values of the analyzed building
stock in this study is lower than FEMA's building stock.
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Figure 10. Watershed-level flood risk score for Middle Cedar watershed

Even though the NRI's property value dataset is large than our study dataset in most of the
census-blocks, our results indicate that annualized losses are estimated to be similar in the state's
western part. In the eastern part of the state, the study results suggest more flood losses, particularly
in the urban communities. Our analysis shows that the flood risk is underestimated in the NRI risk
outputs for communities such as Bettendorf, Burlington, Davenport, Cedar Falls, Dubuque, and
Waterloo. Because the flood risk assessment is conducted at a census-block scale in the NRI, data
aggregation errors might have occurred. Previous studies also addressed the same challenge of the
data aggregation scale (Tate et al., 2015; Shultz, 2017). Decision-makers should be aware of the
limitations of the datasets while planning new hazard mitigation efforts and informing the public
about the risk. A more detailed assessment is critical to comprehend the current risk and maximize
the benefits from the mitigation applications. Figure 12 provides the comparison between the risk
assessment in this study (top) and FEMA's risk outputs (bottom) in census-block scale.

In Table 3, the top twenty most impacted census-blocks are listed to reflect their social
vulnerability and community resilience percentile at the state and national scale. The social
vulnerability and community resilience datasets are acquired from the NRI. More than half of the
most exposed census-blocks are below average concerning social vulnerability. Although lowa
City and Muscatine have a relatively lower social vulnerability, the cities' community resilience is
lower than other regions. Differently, two of the census-blocks of Cedar Rapids and a census-block
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of Waterloo have the highest social vulnerability in the top twenty census-blocks. However, their
community resilience is higher than national and state averages. Recent studies have highlighted
the relationship between social vulnerability, community resilience, and the disaster's cost (Kind

et al., 2020; Sayers et al., 2018). Therefore, mitigation may need to be addressed in these census-
blocks to reduce direct losses and indirect losses.
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Figure 11. Property values for the study region for study dataset (top) and FEMA (bottom)
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Figure 11. Average annualized loss estimate results for the study (top) and FEMA (bottom)

Table 3. Social vulnerability and community resilience percentiles for the most impacted 20

census-blocks

PCTL for Social

PCTL for Community

Vulnerability Resilience
Census Tract |City County National | State | National State
T19103000100 | lowa City Johnson 12 5 73 15
T19113002600 | Cedar Rapids | Linn 23 13 97 94
T19061010600 | Dubuque Dubuque 24 14 98 98
T19013002901 [Waterloo Black Hawk 26 16 94 82
T19013002902 | Waterloo Black Hawk 35 27 94 82
T19103000200 |lowa City Johnson 40 36 73 15
T19139050900 | Muscatine Muscatine 41 38 75 17
T19013002000 |Waterloo Black Hawk 43 40 94 82
T19057001000 |Burlington  [Des Moines 46 44 88 58
T19153005100 | Des Moines |[Polk 48 48 88 56
T19013002604 [Cedar Falls |Black Hawk 52 53 94 82
719163010402 [ Davenport Scott 53 54 83 29
T19061000100 | Dubuque Dubuque 54 55 98 98
T19163012300 |Davenport | Scott 58 61 83 29
T19163011000 [ Davenport Scott 61 66 83 29
T19163012400 [ Davenport Scott 66 73 83 29
T19113001900 | Cedar Rapids [Linn County 80 89 97 94
T19163010900 | Davenport Scott 83 91 83 29
T19113002700 | Cedar Rapids | Linn County 90 97 97 94
T19013000100 | Waterloo Black Hawk 92 98 94 82
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4. Conclusion

This research presents a comprehensive large-scale flood risk assessment for the state of lowa. Our
results indicate that the eastern part of the state is the most vulnerable to direct flood losses,
particularly in the Middle Cedar watershed and counties located in the Mississippi region. In the
Bettendorf, Cedar Rapids, Davenport, Des Moines, and Mississippi regions, commercial flood
losses are estimated to be the highest. On the other hand, residential losses are more dominant in
other large communities such as Cedar Falls, lowa City, and Waterloo. Our study reveals that the
flood loss is underestimated in the NRI's outputs, particularly in large communities in the eastern
part of the state such as Bettendorf, Cedar Falls, Davenport, Dubuque, and Waterloo. Because
federal risk assessments are commonly used as a reference for planning and mitigation, the
limitations of the NRI should be considered by decision-makers and the public. The output of this
study can be used to calibrate existing flood risk assessment and improve flood mitigation
decisions to maximize the benefits of the investments. The study also presents a flood risk score
methodology by integrating flood damage, inundation depth, and mitigation practices. The flood
risk score can support mitigation decision processes such as hazard mitigation planning,
preparedness, and informing the public.

The study also analyzed FEMA's social vulnerability and community resilience products to
assess the top impacted census-blocks in the State of lowa. We found that half of these census-
blocks are above average in social vulnerability compared to the state's and the nation's percentiles.
In contrast, some of these communities that showed lower social vulnerability also have lower
community resilience, such as lowa City and Muscatine. Although lower community resilience
may not contribute to direct losses, it may increase indirect losses. In order to reduce indirect
losses, socially vulnerable and lower resilient regions must be considered for mitigation planning.

One of the challenges for the study is the lack of a standardized and centralized parcel
information repository. The data is often available from local county assessors which includes a
time-consuming process (data grant application, approval, etc.) for data requests. Datasets acquired
from various sources also require additional work before getting ready for the loss estimation
analysis. A nation-wide parcel repository could be a critical asset for local communities with
limited resources for mitigation planning and implementation..
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