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ABSTRACT

FLOOD INTERVENTIONS FOR SOCIALLY EQUITABLE COMMUNITY RESILIENCE

Flood hazard intensity and frequency are increasing due to climate change and diminish the
resiliency of the built environment. Although funds for hazard interventions are available through
programs such as the National Flood Insurance Program, Hazard Mitigation Assistance, and the
US Department of Housing and Urban Development, these resources are often limited to specific
flood zones and agencies have yet to fully consider social equity in their allocation. This study
utilizes a community model and performs an analysis to evaluate community resilience through a
social equity lens for flood intervention practices. As a case study, the computational platform IN-
CORE was utilized to perform a hazard-damage-consequence model for Lumberton, NC, a
community damaged by two consecutive flood events (Hurricanes Matthew and Florence). A
numerical model for Lumberton was developed using an existing suite of 15 building archetypes
to populate the building inventory, which consists of 20,000 structures, and then households are
synthetically populated from the census block level to representatively replicate the Lumberton
community. An analysis quantifies the social equity of property acquisitions. To assess the
distributional equity of property acquisition scenarios, population dislocation projections and

resilience metrics are employed.
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Chapter 1: Introduction

Increased exposure, vulnerability, and climate change drive the escalating prevalence and severity
of natural hazards, posing a critical challenge for all communities (NCEI, n.d.). Significant
development in vulnerable areas and floodplains and insufficient building codes are exacerbating
inequalities in these areas (NCEI, n.d.). With respect to physical damage, economic losses, and
social disruption, hurricanes are among the most devastating hazard events. In the aftermath of
hurricanes, flooding compromises the resiliency of the built environment. Since 1980, in the

United States, there have been 42 flooding events with losses exceeding $1 billion (NCEI, 2023).

Insurance and funding opportunities are available through the National Flood Insurance Program
(NFIP), the Federal Emergency Management Agency (FEMA), the US Department of Housing
and Urban Development (HUD), and individual state and local government programs. However,
limitations exist in addressing social equity concerns in current funding mechanisms. For example,
this oversight has notable implications for communities between the 100-year and 500-year flood
zones. Despite facing significant vulnerabilities, these communities often lack funding

opportunities due to their heightened risk status.

In the United States, the most prevalent form of mitigation are voluntary property acquisitions
(Hino et al., 2021). Property acquisitions, in the context of flood mitigation strategies, are the
purchase, relocation, or demolition of a property by a government agency, in which the land
remains as open space (Horn, 2024). Voluntary buyouts must present no threat or use of eminent
domain (U.S. Department of Housing and Urban Development, 2024). Nearly 44,000 voluntary
acquisitions in flood-prone areas have been financed by federal funding programs (Field et al.,

2019). White, single-family households predominantly accept these property acquisitions,



highlighting the importance of assessing the needs and vulnerabilities of the community (Elliott et

al., 2020; Mach et al., 2019).

Coastal storms and flood hazards have repeatedly impacted Lumberton, an inland city in Robeson
County, North Carolina. The city has a racially, ethnically, and financially diverse population. In
2016 and 2018, Category 1 Hurricanes Matthew and Florence hit Lumberton, causing inland
flooding due to torrential rains. Following these two events, property acquisitions in and around
Lumberton were encouraged by FEMA. Leveraging historical demographic data and the ongoing
longitudinal field study (van de Lindt et al., 2018; van de Lindt et al., 2020), this project
investigates the impacts of flooding events on infrastructure in inland settings. Considering social
equity, this study demonstrates the feasibility of property acquisitions in Lumberton by analyzing
population dislocation and recovery modeling. The Lumberton case study is part of a large ongoing
research project which will contribute to further collaborative research. This case study utilizes
open-source data, developed by Nofal and van de Lindt (2020a; 2020b; 2020c), Rosenheim et al.

2019), Rosenheim (2021), IN-CORE (2021), and van de Lindt et al. (2023).

1.1: Purpose and Objectives

Concentrated in higher-income and densely populated urban areas, property acquisitions raise
social equity concerns. This research aims to quantitatively measure the social equitability of
property acquisitions to inform community resilience. Detailed comparative analyses of building
damage, population density, racial demographics, and annual household income provide an insight
into the intersection between flood hazard impacts and socio-economic vulnerabilities. A
comprehensive case study is provided by applying this methodology and flood risk assessments to

determine the social equitability of property acquisitions in Lumberton.



1.2: Community Resilience Literature Review

Community resilience, the ability to combat and recover from disruptions, is increasingly studied
across disciplines, including social science, economics, and engineering. By developing effective
strategies to enhance community resilience, these interdisciplinary efforts are crucial (Gupta et al.,
2022). Essential for understanding and mitigating flood impacts, four primary components are
addressed in flood risk assessments: flood hazard, exposure, vulnerability, and building
performance (Tying Flood Insurance to Flood Risk for Low-Lying Structures in the Floodplain,
2015). Mitigating flood risk protects properties against flood damage and can lower insurance
costs. Elevating utilities, installing flood openings, filling basements, and elevating and relocating
properties are common flood mitigation techniques (FloodSmart.gov, n.d.). HAZUS, a software
program developed by FEMA, estimates potential losses from natural hazards. Standard risk
modeling methods like HAZUS can provide community-level risk assessment yet may lack
building-level analysis and fragility functions. The Interdependent Networked Community
Resilience Modeling Environment (IN-CORE) (van de Lindt et al., 2023), offers advanced hazard
modeling, and integrates physical damage with social and economic data, to inform policy and
resource allocation to address this gap and enhance community resilience. See Figure 1 for the
cloud services offered by IN-CORE. Utilizing Python frameworks, projects, and modules,
pylncore allows the visualization, application, and assessment of numerous hazard simulations.
IN-CORE Web Services and IN-CORE Web Tools enable user creation and retrieval of datasets,
hazards, and fragilities. IN-CORE Lab is a custom Jupyter Lab that allows users to create scientific

models utilizing pyIncore analyses (IN-CORE, 2021).



Cloud Computing System
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Figure 1: Interdependent Networked Community Resilience Modeling Environment (IN-CORE, 2023).

Colorado State University leads the development of IN-CORE, in a cooperative agreement with
The National Institute of Standards and Technology (NIST). IN-CORE measures the resilience of
communities through computational resilience analyses, enabling natural hazard impact modeling.
Incorporating risk analysis with decision-making processes, IN-CORE quantitatively compares
resilience strategies, i.e., “what if” scenarios. IN-CORE links physical damage with
socioeconomic information to estimate impacts of population dislocations and determine the best
policies for a community. Probabilistic modeling, optimization techniques, and other
advancements in computational tools improve natural hazard resilience assessments (Melendez et
al., 2022). Employing these tools, researchers model complex scenarios and optimize resilient
community designs (Magis et al., 2010). Aimed at modeling community resilience, a study by
Gupta et al. (2022) illustrates the capabilities of minimizing the social and economic losses caused
by natural hazards. Researchers including Sen et al. (2021;2022) utilize Bayesian belief networks
and machine learning to enhance infrastructure resilience. Innovations in hazard preparedness and

response emphasize the vital roles of these advancements.




Flood damage and loss assessment methods are crucial for understanding the impacts of floods on
communities. Deterministic stage-damage functions and probabilistic fragility functions enable
the development of targeted mitigation strategies to reduce vulnerability (Gupta et al., 2022). As
discussed by Nofal and van de Lindt (2021), probabilistic assessment of flood vulnerability across
different building types can be determined using detailed building archetypes and Monte Carlo
simulations. Utilizing census-block level data for building-level analysis, Rosenheim et al. (2021)
aligns detailed household and housing unit characteristics to individual buildings. In practice,
economic losses due to flood damage can be significantly minimized by optimizing mitigation
strategies at the building level. A multi-objective optimization framework, proposed by
Almoghathawi et al. (2021), highlights potential to achieve cost-effective resilience. Devising
these methodologies has proven essential for implementing mitigation measures at the building

and community levels.

1.3: Property Acquisition Literature Review

Across the US, extensive flooding, caused by increases in and changes in patterns of extreme
weather events, results in devastating impacts to the built environment (NCEI, 2013). Therefore,
natural hazard mitigation strategies and their physical and economic impacts have become

increasingly important research topics.

Structural solutions, including dams, floodwalls, and levees, were the primary US flood control
strategies throughout the twentieth century (Conrad et al., 1998; Wright, 2000). However, federal
policy shifted towards nonstructural measures following the record-breaking floods in the Midwest
in 1993, prioritizing land-use planning, acquisition of flood-damaged buildings, and regulations to

limit development in hazard-prone areas (Godschalk et al., 1999).



Dominating the market, the NFIP provides over 95% of residential flood insurance policies (Hino
and Burke, 2021). Created in 1968, the NFIP aims to offer federal flood insurance to residents and
businesses in communities that adopt floodplain management regulations, therefore reducing flood
risk to individuals and limiting reliance on federal hazard relief (Tying Flood Insurance to Flood
Risk for Low-Lying Structures in the Floodplain, 2015). Private insurance companies and
specialized state programs also offer floodplain insurance. For instance, the North Carolina Beach
Plan and Strengthen Your Roof North Carolina programs supplement federal programs by
providing North Carolina residents customized solutions that manage flood risks. Considering a
structure’s elevation and the likelihood of inundation and damage, insurance rates reflect risk of
flooding. An estimated 30% of households in floodplains carry flood insurance, and many are

underinsured (Almoghathawi et al., 2021; Hino and Burke, 2021).

FEMA'’s Flood Insurance Rate Maps (FIRMs) are the primary source of flood risk information
and inform land use regulations (Hino and Burke, 2021). Estimating 13 million Americans live
within a 1% annual chance floodplain, NFIP floodplain maps are highly granular, often splitting
houses on the same block. Interestingly, Wing et al. (2018) estimated that 41 million Americans
live within a 100-year floodplain, using high-resolution spatial data. Highlighting potential
limitations in FEMA’s flood mapping, this discrepancy stresses the importance of advanced flood

risk assessment methods (Mach et al., 2019).

Beyond insurance coverage, agencies including FEMA and HUD provide federal funding
opportunities, alongside state and local programs. Implemented when other mitigation strategies
are impractical, property acquisitions hinge on factors such as a property’s flood risk assessment,
market value, anticipated economic loss, and the homeowner’s consent to relocate (FEMA, 2016).

Aimed at reducing flood vulnerabilities, property acquisition programs are utilized for properties



located within floodplains, but outside protected zones. Ensuring that funding is directed towards
properties most in need of flood risk reduction, these programs’ structured approach aims to
maximize the effectiveness of mitigation efforts. In the US since 1993, federal programs have
sponsored the acquisitions of over 44,000 properties. Funding over 70% of federally acquired
buyouts, FEMA has been instrumental in financing hazard recovery efforts (Mach et al., 2019).
FEMA’s Hazard Mitigation Assistance program (HMA) reduces hazard losses by funding
mitigation projects through the Hazard Mitigation Grant Program (HMGP), the Building Resilient
Infrastructure and Communities program (BRIC), which replaced the Pre-Disaster Mitigation
Grant Program in 2020, and the Flood Mitigation Grant program (FMA) (FEMA, 2020). Although
typically requiring a 25% nonfederal cost match from state or local governments, or individuals,
HMA programs fund up to 75% of total project costs after a Presidential major disaster declaration.
Individual home and business owners are unable to directly apply for HMA funds (FEMA, 2020).
The National Institute of Building Sciences (NIBS) resolved that federal mitigation grants,
including those for property acquisitions, resulted in avoided losses of $6.00 for every $1.00
invested (Multihazard Mitigation Council, 2017; BenDor et al., 2020). While economically
efficient, these programs exhibit limitations. For example, FMA grants are limited to NFIP insured
properties, and structural improvements to properties acquired with HMGP funds are deed-
restricted (Conrad et al., 1998). Also, HMGP funds can be used to acquire properties outside the
100-year flood boundary only if FEMA’s benefit-cost analysis (BCA) requirements are met (Tate

etal., 2016).

HUD programs help with recovery from large scale hazards after Presidential major disaster
declarations by offering funding opportunities through the Community Development Block Grants

for Disaster Recovery program (CDBG-DR). CDBG-DR programs can provide the HMA required



nonfederal cost match (25%) or directly fund property acquisitions (HUD, 2020). Mitigation
efforts undertaken with CDBG-DR funds must benefit low or moderate-income (LMI)
populations, reduce community vulnerabilities, or improve public safety by addressing community

development (HUD, 2020).

CDBG-DR, the most flexible funding source for hazard recovery, allows states discretion in
program funds’ design, allocation, and management (Tate et al., 2016). Despite property
ineligibility for HMGP funding due to deed restrictions and potentially encouraging
redevelopment in previously flooded zones, nearly half of CDBG-DR property acquisitions were

properties within the 100-year floodplain (Siders et al., 2019).

Struggling to meet cost-match requirements, state and local governments are proactively utilizing
traditional and innovative financial mechanisms as tools to fund property acquisitions and
minimize hazard risk, including municipal and green bonds, revolving loan funds, and stormwater
utility fees (Peterson et al., 2020). Alternative funding mechanisms help maximize resource
allocation for property acquisitions, aiding more homeowners (Peterson et al., 2020). Leveraging
multiple funding sources, state and local governments commonly combine CDBG-DR and FEMA
funding to implement property acquisitions, purchasing approximately 9,600 flood-prone
properties, representing over 20% of properties acquired through federal grants (Peterson et al.,
2020). Although, often inefficiently managing homeowner participation, lacking necessary data
needed to accurately estimate property acquisition costs, and having conflicting requirements, state
and local government programs can further grantee burdens (BenDor et al., 2020; Gao, 2021;

Martin et al., 2019).

FEMA's cost benefit analysis targets homes costing less than $323,000 (FEMA, 2022a). Typically,

80% or less of project costs are allocated to purchasing costs, although transaction costs are not



separated in federal program data (Curran-Groome et al., 2021). Other than purchasing costs, all

costs are nearly $23,000 per property (Curran-Groome et al., 2022).

In the US, between 1989 and 1998, on average 19 properties were acquired through buyout projects
(median of six), yet between 2009 to 2017, the average reduced to seven properties (median of
two), with many counties using buyouts only once (Mach et al., 2019; FEMA, 2020). Although
constrained by funding, property acquisitions as a flood mitigation technique are increasing due to
consistent development in floodplains, urbanization, and more extreme flooding events (National

Climate Assessment, 2014; Kihslinger and Moraga, 2017).

1.4: Equity Literature Review

Although economically efficient at reducing future flood losses (FEMA, 2016), property
acquisition programs often lack evidence of social equity. For the purposes of this project, social
equity is defined as the even allocation of resources, aiming for equal distribution (horizontal
equity) unless justified reasons support different distributions (vertical equity) that may affect
more vulnerable populations (Martens et al., 2012; Jones and Armanios, 2020). At a programmatic
level, property acquisitions are underexamined, raising concerns about exacerbating wealth

disparities in minority and low-income communities (Mach et al., 2019).

Broader societal goals such as social, cultural, psychological, or long-term economic consequences
are often neglected in property acquisitions (Siders et al., 2019). Criticisms arise regarding
bureaucratic inefficiencies and exacerbated wealth and racial disparities. Further complicating the
effectiveness of buyouts, poor communication, insufficient funding, and unequal distribution of
benefits cause delays in implementation (Curran-Groome et al., 2022; De Vries, 2017; Elliott et

al., 2020; Loughran and Elliott, 2019; Siders, 2019; Weber and Moore, 2019; Kraan et al., 2021;



Hino et al., 2017; Howell and Elliott, 2018; Mach et al., 2019; Peterson et al., 2020; Elliott et al.,
2021). Economic factors often overshadow the growing considerations of social equity in property
acquisitions (Bishop, 2017). Various dimensions of buyouts have been explored in the literature,
including social equity and cost-effectiveness (Tate et al., 2016), land-use impacts (Zavar and
Hagelman, 2016), and homeowner decisions (Bukvic and Owen, 2017; Binder et al., 2015).
However, literature concerning transportation and infrastructure systems (Jones and Armanios,
2020; Bishop, 2017), service outages (Beck et al., 2023), and extreme heat adaptation (Turek-
Hankins et al., 2020) identifies significant gaps remaining in understanding equity. Flood risk
management studies regarding social equity are difficult to generalize due to contextual nuances

(Hino and Nance, 2021).

Although lower income households in neighborhoods with high social vulnerabilities are often
targeted (Elliott et al., 2020; Mach et al., 2019), white residents are more likely to accept property
acquisitions (Robinson et al., 2018; Loughran et al., 2019; Martin et al., 2019). Single-family
households, in wealthy, densely populated urban counties with greater local government capacity
are often favored by federal funding programs (Bukvic and Borate, 2021; Seong et al., 2022).
While mitigating property loss and human suffering in flood prone areas, buyouts perpetuate
funding inequalities affecting disadvantaged groups (Freudenberg et al., 2016; Hino and Nance,
2021). Inadequate and delayed compensation often exacerbate social, economic, and spatial
inequalities for low to moderate-income households (Bullard and Wright, 2009; Smiley, 2020;

Tate et al., 2021; Tate et al., 2016).

Households residing in high-risk areas with limited access to safer land often lack political power
and bear disproportionate hazard impacts (Willett et al., 2020). Exacerbating racial and class

divisions, property acquisitions hinder post-hazard recovery efforts (Gotham, 2014; Green et al.,

10



2007; Green and Olshansky, 2012; Hino and Nance, 2021). To identify at-risk populations, inform
policies, and optimize resource allocation, social vulnerability metrics are vital (Hinkel, 2011),

although hazard type, geographic location, economic condition, and historical norms are typically

overlooked (Tate et al., 2016).

To enhance community resilience, social equity must be considered (Martin et al., 2018), yet
explicit equity goals and comprehensive vulnerability metrics are missing from current funding
programs (Shi et al., 2022). Flood impacts beyond economic losses include the social costs of
buyout programs, displacement impacts, healthcare access, employment, and physical and mental
health are limited in the literature, yet typically influence a community’s attitude. (Blaze &
Shwalb, 2009; Hori & Schafer, 2009; Mortensen et al., 2009; Binder & Greer, 2016; Hino and
Nance, 2021; Hino et al., 2017). Data limitations hinder advancements in assessing mitigation
strategies and their equitability (Tate et al., 2016; Wisner et al., 2004; Cutter et al., 2003; Phillips
et al., 2010). Without qualitative analyses, standardized vulnerability metrics may inadequately
inform adaptation decisions. (Sanders et al., 2003; Weber & Peek, 2012; Riad & Norris, 1996).
Vulnerability metrics, which have limitations at the census-tract level, are examined by Turek-
Hankins et al. (2020) and highlight significant household-level differences. Capturing household-
level vulnerabilities in nuanced research methodologies are required to develop inclusive and

effective policies (Turek-Hankins et al., 2020).

To support vulnerable communities and mitigate unintended inequalities, advancing research on
equity implications in federal funding programs is critical. This research is intended to quantify
social equitability in terms of income levels, through census data, synthetic household allocation,
and the IN-CORE Platform to contribute to hazard resilience efforts amidst climate change

impacts.
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The remaining chapters of this thesis are organized as follows and illustrated in Figure 2: Chapter
2 presents the existing methodology for evaluating hurricane risk, detailing hazard and community
modeling, as well as damage and risk analyses. Chapter 3 applies these modeling techniques to
Lumberton, North Carolina, an ethnically and financially diverse community, and analyzes the
results to quantify the social equitability of property acquisitions. Finally, Chapter 4 provides

conclusions, contributions, and recommendations to further social equity research.

Building Damage Analysis utilizing
Nofal and van de Lindt (2020a: > Identification of resilience metrics
2020b; 2020c), IN-CORE (2021), and through literature review
van de Lindt et al. (2023)
methodologies
* Hurricane Matthew model from
HEC-RAS
* Hazard modeling for each
archetype Compare Damage state, Race, and - T
. Created Illustrative Applicat
+ B mdeing o Al oot e on || el e mlior
archetype building damage, housing unit ' . o
" . ) . quantify the equitability of
* Vulnerability modeling for each allocation, and population .
. . . property acquisitions
archetype dislocation analysis

Housing Unit Allocation and

Population Dislocation Analysis Simulate buyout scenarios, and
utilizing Rosenheim et al. (2019) calculate population and economic
framework == loss through a comparison of racial
« Housing unit inventory demographics across datasets

* Address point inventory
* Building Inventory

Figure 2: Framework of Methodology and Analyses

12



Chapter 2: Methodology for Evaluating Hurricane Risk

Assessing natural hazard risk involves evaluating community hazard, infrastructure, exposure and
vulnerability models (NOAA National Centers for Environmental Information, 2023). Risk
mitigation strategies are needed to reduce one or all hazard components and improve the resiliency
of communities pre-and post-hazard. Requiring detailed information at various levels to evaluate
community risk post-hazard, high-resolution models combine hazard, exposure, and vulnerability

components.

Utilizing the IN-CORE Platform for advanced risk and resilience assessments, community
infrastructure-socio-economic models focus on measuring socially equitable community resilience
(IN-CORE, 2021). To synthetically populate each household to replicate the community, a
numerical model was performed using structure archetypes to create the building inventory (Nofal
and van de Lindt, 2020). Initially, using the Hydraulic Engineering Center’s River Analysis
System (HEC-RAS), Nofal modeled a community and hazard. To address damage and prepare
risk and mitigation analyses at the community level, hazard, exposure, and vulnerability models
were developed. Based on the work of Rosenheim et al. (2021), housing unit, building, and address
point inventories were utilized in housing unit allocation and population dislocation analyses.
Using the synthetic population allocation model, individual residential households were
synthetically populated. When aggregated, the synthetic household reproduces census block-level
information. Then, an analysis incorporates this data to quantify the social and distributional

equitability of a suite of acquisition scenarios.

2.1: Hazard Modeling
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Hydrologic and hydrodynamic analyses, utilizing HEC-RAS software to develop hurricane flood
paths, are required for inland community hazard modeling (Nofal and van de Lindt, 2020). Using
a hydrograph to depict rainfall and streamflow over time, hydrologic analyses predict water
discharge in ungauged streams. Hydraulic principles are applied to hydrodynamic analysis,
determining flood characteristics such as depth, extent, velocity, and duration. To assess hazard
intensity for each exposed building, these flood characteristics are mapped and overlaid with the

community model.

2.2: Community Modeling

Community modeling incorporates understanding and representations of various physical social,
and economic characteristics of a community (Nofal et al., 2021). Community risk profiles provide
a comprehensive picture of exposure and vulnerability models. Affecting hazard recovery, a
community model considers the repair of physical damage to the impacted buildings and
infrastructure, and many socio-economic factors that could cause delays to the repair process. To
account for the interdependent relationships between households, buildings, and networks, a

comprehensive community recovery model is necessary.

Risk information decisions are dependent on the number of archetypes representing the different
building typologies in the community. Characteristics such as crawl space and first-floor elevation
(FFE), determine the archetypes assigned to buildings. Relationships between specific flood
characteristics and their corresponding exceedance probability of a predefined damage state are
represented by fragility functions, fitting a log-normal distribution. Damage states describe the
probability of a building being in, or exceeding, a prescribed level of damage as a function of flood

depth with respect to FFE.

14



2.2.1: Exposure Modeling

Essential for reliable predictions and accurately assessing flood risk, building information details
exposure data. Obtained from parcel data, basic building inventory information including location,
market value, occupancy, flood zone, and year built is often insufficient for flood risk assessments.
To accurately capture flood damage at the community level, more detailed building characteristics
are required such as building type, house dimensions, construction materials, number of stories,

foundation type, first-floor elevation, and maintenance condition (Nofal et al., 2021).

Fifteen building archetypes, developed by Nofal and van de Lindt (2020), were used to
comprehensively model the building inventory within the community. Figure 3 displays a brief

description and visual representation of the archetypes (Nofal and van de Lindt, 2020).

Archetype
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Building Archetype Building Description

F1 One-story single-family residential building on a crawlspace foundation
F2 One-story multi-family residential building on a slab-on-grade foundation
F3 Two-story single-family residential building on a crawlspace foundation
F4 Two-story multi-family residential building on a slab-on-grade foundation
F5 Small grocery store/Gas station with a convenience store

F6 Multi-unit retail building (strip mall)

F7 Small multi-unit commercial building

F8 Super retail center

F9 Industrial building

F10 One-story school

F11 Two-story school

F12 Hospital/Clinic

F13 Community center (place of worship)

Fl4 Office building

F15 Warehouse (small/large box)

Figure 3: Archetype description and building visuals (Nofal and van de Lindt, 2020).

Alternatively, GIS model layers hold crucial building information including location, FFE, market
value, occupancy, foundation type, and number of stories. Based on building characteristics, a
mapping algorithm was developed by Nofal and van de Lindt (2020) to match each building
archetype within the building portfolio to real buildings in the community. Assessing hazard
intensity at each building location, the mapping algorithm is applied, and the modeled community

is overlaid with the hazard layer.

2.2.2: Vulnerability Modeling

To model flood vulnerability Nofal and van de Lindt (2020) developed advanced 2-D and 3-D
flood fragility and loss functions. Designed to account for the probability of exceeding predefined
damage states (DS) and estimate direct monetary flood losses, these functions integrate
uncertainties throughout the damage model, including flood depth and duration, and

replacement/repair costs. The 2D fragilities are applied in this study and shown in Table 1.
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Table 1: Performance criteria describing flood damage to buildings in terms of four DS ranging from insignificant damage (DS

0) to complete damage (DS 34). Recreated from Nofal and van de Lindt, (2020).

DS

Description

DS 0

Insignificant damage to components below first-floor elevation. Water enters
crawlspace/basement and touches foundation (crawlspace or slab on grade). Damage
to components within the crawlspace/basement including base insulation and stores
inventory. Minor damage to garage interiors including drywall, cabinets, electrical
outlets, and wall insulation. (Garage is below the first-floor elevation (FFE)). No sewer
backup into the living area.

DS1

Water touches floor joints up to minor water entering the building. Damage to carpets,
pads, baseboards, and flooring. Damage to the external AC unit (if the AC unit is not
elevated) and the attached ductworks (if ductworks are in the crawlspace). Complete
damage to the garage interior (if the garage is below FFE). Could have a sewer backup
and/or mold issues. Partial damage to drywalls along with damage to electrical
components (base-outlets), water heater, and furnace. Complete damage to major
equipment, appliances, and furniture on the first floor. Damage to the lower bathroom
and kitchen cabinets. Doors and windows may need replacement.

DS 2

Damage to the non-structural components and interiors within the whole building
including (but not limited to) drywall damage to upper stories for multi-story buildings
(e.g., attic, second story, etc.). Electrical switches and mid-outlets are destroyed with
potential damage to ceiling lighting fixtures. Studs’ reusable, some may be damaged.
Major sewer backup will happen along with major mold issues. Equipment, appliances,
and furniture on the upper floors are also damaged (e.g., attic, second floor, etc.).

DS 3

Significant structural damage present (e.g., studs, trusses, joints, etc.). Non-structural
components and interiors are destroyed including drywall, appliances, cabinets,
furniture, etc. Damage to rooftop units/components including roof insulation,
sheathing, and electro-mechanical systems (rooftop AC units, electrical systems, cable
railing, sound system, etc.). Foundation could be floated off. The building must be
demolished or potentially replaced.

Nofal’s approach accurately accounts for the combined impact of flood depth and duration by

including flood duration in the vulnerability function. A mapping algorithm using hazard

intensities at each location as input, assigns flood vulnerability curves or surfaces (fragility or loss

functions) to each building archetype. Examples of fragility functions are shown in Figure 4.

Ensuring flood risk assessments capture the varied characteristics and vulnerabilities of different

building types within a community, more reliable and actionable predictions of flood damage and

associated losses are possible with this comprehensive approach.
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Lumberton building fragility specific for flood (F3)

Lumberton buiiding fragility spacific for flood (F2)
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Figure 4: Example of three fragility functions associated with each building archetype (Nofal and van de Lindt, 2020).

2.3: Building Damage and Risk Analysis

Flood risk components, fragility models, and damage state probabilities are combined to compute
structural damage. Flood hazard maps (containing spatial data on flood depths and extents),
community models (including building data), and vulnerability models (describing the probability
of a building reaching different damage states at given flood depths) are utilized in the framework.
According to the characteristics of each inundated building from the community model, an
archetype is assigned. Damage state probabilities are computed as the difference between the
exceedance probabilities of adjacent damage states, calculating the expected loss for each building.

Building’s damage states are determined as the damage state with the highest probability. Seen in

Figure 5, this methodology assesses overall community resilience.
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Read flood risk components:
1. Flood hazard map (raster file)
2. Community model (shape file)
3. Vulnerability model (fragility)

y

Flooded buildings i = 1:n

v

1. Flood depth for building (i) [d(i)]
2. Building archetype for building (i) [f_arc(i)]

L

1. Probability of exceedance of each DS (j = 0:3)
[P_DS(i, j = 0:3)]
2. Probability of being in each DS (j = 0:3)
[P_in_DS (i, )]=P_DS (i,j) - P_DS (i, j+1)

r

Building_DS (i) = max (P_in_DS (i, 0:3))

Y

Fragility-based losses:
L = Y 2o P_in_DS (i,DS;). ;]

'

i=i+1
No )
i>n
Yes 1
Write the building loss/damage
shape file
End

Figure 5: Community-level flood fragility and loss analysis framework (Lj = replacement/repair cost of each DS, P_DS = the
exceedance probability of a DS, P_in_DS = the probability of being in a DS). Recreated from Nofal and van de Lindt, (2020).

2.4: Synthetic Allocation
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Analysis data is aggregated using census blocks and tracts. Cross-referencing population counts
with data collected during the 2010 Decennial Census validates the housing unit allocation results.

Disparities may stem from political boundary and building inventory differences, as detailed by

Rosenheim et al. (2021) in Figure 6.

Housing Unit Inventory

Address Point Inventory

Building Inventory

Critical Infrastructure Inventory

@ Census Block ID ] Census Block ID Structure ID o Structure ID
Random Merge Order -H—H @ Random Merge Order D Census Block ID Critical Infrastructure
(Cl) Distribution (Sink)
Housing Unit ID Address Point ID [] arcelio Node D - Detailed
Network
Number of Persons Structure ID Housing Unit Estimate
g " D ser 080 2 Critical Infrastructure

(Cl) Distribution (Sink)

Tenure Longitude Longitude Node ID -
Skeletonized Network
Vacancy Type Latitude Latitude
Land Use Code

Probability Owner
Occupied

Figure 6: Flow chart for housing unit allocation (Rosenheim et al., 2021).

Establishing a comprehensive critical infrastructure inventory, this analysis aligns housing unit
characteristics with physical systems such as building inventories and water networks. Hazard
impact statistical analysis accounts for uncertainty in allocating housing units to buildings.
Resilience-informed decision-making in natural hazards requires detailed household and housing

unit characteristics.

Rosenheim et al.’s (2021) methodology follows a systematic approach: data and information
availability, community model development, spatial hazard analysis, physical damage and
functionality analysis, and socio-economic impact analysis (Roohi et al., 2020). Housing unit
allocations provide detailed housing unit demographics including the number of people in each

household, race, ethnicity, tenure, and vacancy assigned to individual housing units. Important to
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note, this method is a synthetic allocation, providing accurate results at the census block and
community levels, but not for individual households. Figure 7 depicts a heat map for population

density resulting from the housing unit allocation validation process for Robeson County.

Figure 7: Heat map depicting population density.

From 2016 to 2023, a multidisciplinary team of engineers, social scientists, and economists
evaluated Lumberton’s recovery process after Hurricane Matthew (van de Lindt et al., 2020).
Lumberton is only a small area of Robeson County, and specific buildings were chosen for the
building damage analysis, therefore validation of the housing unit allocation process was
necessary. Calculated for each census tract, median and average household income were each
compared to the median and average income collected by US Census data, seen in Table 2. 60%
of census tracts for median household income are within 5% of census data, and 75% of the census
tracts are within 10%. 50% of the census tracts for average household income are within 5% of the
census data, and 70% are within 10%. Remaining census tracts, not within 10% of the census data,
are geographically justified. To be geographically justified, selected buildings are not accurately

represented in the census tracts. For example, if the Lumberton housing unit inventory only has
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10% of the buildings that are in the census tract, they are geographically justified because the data
cannot be accurately predicted. Errors occurred due to specifically analyzing select buildings in
Lumberton rather than the entire County of Robeson, see Appendix Figure Al. Other household
characteristics defined by the housing unit allocation process were compared to 2010 US Census
data including population, tenure, race, ethnicity, family status, vacancy, group housing, and

poverty, although there were no noticeable differences.
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Table 2: Annual household income validation.

Census Tract | Median Median | Median Median Average Census | Census | Median | Average | Geographically
Population | Income | Household | Assigned Assigned Median | Average | Percent | Percent | Justified
Group Income Income Income Income | Income | Error Error

37155960102 | 3 10 3 58316.00 | 58316.00 | 28636 | 42210 104% 38% Yes
37155960402 | 4 15 5 171263.50 | 152768.25 | 33933 | 46901 405% 226% Yes
37155960503 | 3 9 3 47065.50 | 54815.23 45154 | 60297 4% 9% Yes
37155960600 | 2 5 3 32533.50 | 41624.13 32500 | 41691 0% 0% No
37155960701 |2 6 3 32071.00 | 44975.53 31615 | 43781 1% 3% Yes
37155960702 | 2 5 3 30321.00 | 45895.07 31064 | 48927 2% 6% No
37155960801 | 2 2 1 15916.00 | 27291.15 15503 27691 3% 1% No
37155960802 | 2 5 3 29263.00 | 34233.67 30625 34653 4% 1% No
37155960900 | 2 8 3 47644.00 | 63144.83 47128 71202 1% 11% No
37155961000 |2 5 3 30401.00 | 42853.17 32206 | 43207 6% 1% No
37155961100 |2 3 2 21112.00 3344276 | 20987 | 31644 1% 6% No
37155961200 |2 5 3 27508.50 | 36461.56 | 26609 | 35258 3% 3% No
37155961301 |2 8 3 52623.00 | 71010.99 57316 | 75752 8% 6% No
37155961302 | 2 5 3 36390.50 | 54752.91 38553 68103 6% 20% No
37155961400 |2 6 3 36483.00 | 45283.54 36182 | 47244 1% 4% Yes
37155961500 |2 6 3 36402.00 | 42290.05 38486 | 42380 5% 0% Yes
37155961601 |2 5 3 31054.00 | 39652.25 35490 | 45021 12% 12% Yes
37155961602 | 2 6 3 41494.00 | 52188.73 35920 | 50791 16% 3% Yes
37155961700 |2 4 2 25570.50 | 46666.07 | 21500 | 33836 19% 38% Yes
37155961802 | 2 6 3 31217.00 | 36643.96 31309 | 35980 0% 2% Yes

Within 60% 50%

5%

Within 75% 70%

10%
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2.4.1: Population Dislocation

Population dislocation is defined as households that are either forced, or choose, to leave their
residence due to hazard-related damages (IN-CORE, 2021). Generally, households with higher
levels of damage will be forced to relocate for safety and comfort. Depending on structure value
loss, neighborhood characteristics, and structure type, the population dislocation algorithm
allocates detailed housing unit and household characteristic data to each residential building.
Households that will dislocate immediately following the hazard event are predicted in this model.
For a detailed summary of the dislocation model, see Rosenheim et al., (2019), Peacock et al.,

(2008), and Peacock et al., (1997).

Results from housing unit allocation and building analyses serve as inputs for the dislocation
model to predict population dislocation based on a specific hazard event (Rosenheim et al, 2021).
Using the housing unit allocation analyses, housing units characterized by tenure, household size,
and occupancy status, are allocated to address points (buildings). Once allocated, the value loss of
each structure is determined by the hazard event, defined through fragility and hazard services,

and 1s then used in the dislocation calculations.

Population dislocation model results contain data from the housing unit allocation (HUA) analyses,
including estimates of damage states at the parcel level, with 2010 Decennial Census as primary
source. Based on household surveys, the model predicts dislocation probability using a logistic
regression model (Bai et al., 2009; Rosenheim et al., 2019; Peacock et al., 1997; Peacock et al.,
2008; US Census Bureau, 2010). To determine dislocation probability, the logistic regression

equation factors in value loss, block group characteristics, and other variables. The household is
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set to dislocate if a uniformly sampled random value between 0 and 1 is less than the dislocation

probability.

2.5: Acquisition Analysis

This research aims to quantify the social equitability of property acquisitions. Evaluating how
input variations influence outputs under specific conditions is essential for assessing model
reliability and guiding decision-making processes in risk assessment and optimization. Ensuring
robust indicators, these analyses enhance assessment credibility by identifying influential factors

that disproportionately affect outcomes (Kienberger and Hagenlocher, 2014; Tate, 2012).

Data analyses are divided into three datasets: the total dataset covering all housing units; the
exposed dataset comprising flood-exposed buildings, and the dislocated dataset consisting of
buildings selected for dislocation (a subset of the exposed dataset). Baseline metrics are derived
from these datasets including total building and population counts, and income statistics.
Calculations are determined for the total building count (Ng-t), the total population count (Np.t),
and the annual household incomes (AHIg.1) for the total dataset. Similarly, the exposed building
count (Ng-g), the exposed population count (Np.g), and the annual household incomes (AHIg-g) are
calculated for the exposed dataset. The dislocated building count (Ns.-p), the dislocated population
count (Np.p), and the annual household incomes (AHIg.p) are determined for the dislocated dataset.

Acquisition analyses metrics and definitions are listed in Table 3.

25



Table 3: Acquisition Analysis Terms and Definitions.

Terms

Definition

NBB-E

Bought-out building count in exposed data

Ngp-E

Bought-out population count in exposed data

AHIgg-E

Bought-out building annual household income in exposed
data

NBB-D

Bought-out building count in dislocated data

Ngp-D

Bought-out population count in dislocated data

AHIgg-p

Bought-out building annual household income in dislocated
data

NB.1

Total building count

Np.1

Total population count

AHlIp.t

Total building annual household income

NB.E

Exposed building count

Npg

Exposed population count

AHIpEr

Exposed building annual household income

NB.p

Dislocated building count

Npp

Dislocated population count

AHIgp

Dislocated building annual household income

PLt

Total population loss

MEL.t

Total economic loss in terms of median income

AEL-1

Total economic loss in terms of average income

PLE

Exposed population loss

MEL. g

Exposed economic loss in terms of median income

AELE

Exposed economic loss in terms of average income

PL.p

Dislocated population loss

MEL.p

Dislocated economic loss in terms of median income

AELDp

Dislocated economic loss in terms of average income

In 2021, FEMA awarded a grant of $7.2 million to the City of Lumberton for the acquisition of 50
properties that have repeatedly flooded (Bright, 2021). Initially focusing on the exposed dataset,
11,946 buyout scenarios are simulated in this study, where 50 acquisitions are randomly distributed
across four damage states: DS 0, DS 1, DS 2, and DS 3. Error handling and reproducibility of the

50 buildings random selection ensures sufficient availability of buildings for acquisitions in each
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damage state. Each scenario is analyzed for metrics including the bought-out building count
(NBB-E), bought-out population count (Nppg), and the bought-out building annual household

income (AHIpp-g). Figure 8 visually represents this methodology, with terms defined in Table 3.

Np.T Total Loss PL-T
Np_T MEL-T

AHlg_7 AEL.T

11,946 Buyout Scenarios

Selected from Exposed Households| Exposed Exposed Loss BLE
NoE MEL-E

NBp-E -

AEL

AHlgg.g £

Ng.D Dislocated Loss PL-D

Np.p MEL-D

AHlg.p AEL p

Figure 8: Acquisition Methodology for Exposed Households

Population loss of different buyout scenarios in the exposed dataset is assessed across the total

population, exposed population, and dislocated population, and several metrics are computed.
PL_p = Np_r — Npp_g
Where:
PL_z is the total population loss
Np_r is the total population count

Npp_p is the bought-out population count in the exposed dataset
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PL_g = Np_g— Npp_g

Where:

PL_g is the exposed population loss

Np_ is the exposed population count

Npp_p is the bought-out population count in the exposed dataset

PL_p =Np_p— Npp_g

Where:

PL_p is the dislocated population loss

Np_p is the dislocated population count

Npp_p is the bought-out population count in the exposed dataset.

Annual household income was used to determine the economic loss of the different buyout
scenarios of the exposed data across the total population, exposed population, and dislocated

population, in which several metrics are calculated.

MEL_T = median(AHIB_T - AHIBB—E)

Where:

MEL_r is the total economic loss in terms of median income

AHIg_7 is the total building annual household income

AHlIgg_g is the bought-out building annual household income in the exposed dataset
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MEL_E = median(AHIB_E - AHIBB—E)

Where:

MEL_g is the exposed economic loss in terms of median income

AHlIg_p is the exposed building annual household income

AHlIgg_g is the bought-out building annual household income in the exposed dataset

MEL_D :median(AHIB_D - AHIBB—E)

Where:

MEL_p is the dislocated economic loss in terms of median income

AHlIg_p is the dislocated building annual household income

AHlIgg_g is the bought-out building annual household income in the exposed dataset

AEL_; = average(AHIlgz_r — AHlgp_g)

Where:

AEL _r is the total economic loss in terms of average income

AHIg_7 is the total building annual household income

AHlIgg_g is bought-out building annual household income in the exposed dataset
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AEL_p = average(AHIgz_r — AHlgg_§)

Where:

AEL_g is the exposed economic loss in terms of average income

AHIg_g is the exposed building annual household income

AHlIgg_f 1s bought-out building annual household income in the exposed dataset

AEL_p = average(AHlg_p — AHlgp_§)

Where:

AEL_p is the dislocated economic loss in terms of average income

AHIg_p is the dislocated building annual household income

AHlIgg_g is bought-out building annual household income in the exposed dataset

Depicted in Figure 9, the dislocated dataset utilizes the same methodology, with metrics described
in Table 3. Dislocated building datasets simulate 7,211 scenarios and calculated the total number
of buildings bought-out (Ngg-p), the population count of the bought-out buildings (Ngp.p), and the

annual household income of the bought-out buildings (AHIgg-p).
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7,211 Buyout Scenarios

Selected from Dislocated Households

NBB-D
NBP-D
AHlgg-p

Total Loss PL.T

MEL-T
AEL 1

Exposed Loss PL-E

MEL-E
AEL £

Dislocated Loss PL-D

MEL-D
AEL p

Figure 9: Acquisition Methodology for Dislocated Households.

Population loss of the different buyout scenarios of the dislocated data is assessed across the total

population, exposed population, and dislocated population, and several metrics are estimated.

Where:

PL_7 is the total population loss

Np_r is the total population count

PL_t = Np_r — Npp-p

Ngp_p is the bought-out population count in the dislocated dataset
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PL_g =Np_g — Npp_p

Where:

PL_g is the exposed population loss

Np_g is the exposed population count

Npp_p is the bought-out population count in the dislocated dataset
PL_p =Np_p —Npp-p

Where:

PL_p is the dislocated population loss

Np_p is the dislocated population count

Npp_p is the bought-out population count in the dislocated dataset

Several metrics are computed in which annual household income determines the economic loss of
the different buyout scenarios of the dislocated data across the total population, exposed

population, and dislocated population.
MEL_; = median(AHIg_t — AHlgg_p)
Where:
MEL_r is the total economic loss in terms of median income
AHIg_7 is the total building annual household income

AHlIgg_p is the bought-out building annual household income in the dislocated dataset
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MEL_; = median(AHIz_p — AHlgg_p)

Where:

MEL_g is the exposed economic loss in terms of median income

AHIg_p is the exposed building annual household income

AHlIgg_p is the bought-out building annual household income in the dislocated dataset
MEL_p = median(AHIg_p — AHlgp_p

Where:

MEL_p is the dislocated economic loss in terms of median income

AHIg_p is the dislocated building annual household income

AHlIgg_p is the bought-out building annual household income in the dislocated dataset
AEL_; = average(AHIlg_t — AHlzp_p)

Where:

AEL_r is the total economic loss in terms of average income

AHIg_7 is the total building annual household income

AHlIgg_p is the bought-out building annual household income in the dislocated dataset
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AEL_gp = average(AHIyz_p — AHIgg_p)
Where:
AEL_g is the exposed economic loss in terms of average income
AHIg_p is the exposed building annual household income
AHlIgg_p is the bought-out building annual household income in the dislocated dataset
AEL_p = average(AHlg_p — AHlgg_p)
Where:
AEL_p is the dislocated economic loss in terms of average income
AHIg_p is the dislocated building annual household income
AHlIgg_p is the bought-out building annual household income in the dislocated dataset
Identifying metrics from the literature (see Table A1), this study aims to quantify the reliability of
property acquisition strategies and identify critical variables influencing outcomes such as
population dynamics, socioeconomic factors, and community resilience. Integrating these analyses
ensures reasonable assessments, supporting informed decision-making in urban planning and

hazard management. Enhancing the understanding of flood mitigation, this approach provides

guidance toward more equitable solutions for community property acquisitions.
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Chapter 3: Illustrative Application for Lumberton, North Carolina

Situated along the Lumber River in Robeson County, North Carolina, Lumberton, an ethnically
and financially diverse community, seen in Figure 10, is a clear representation of economic
fragility exacerbated by climate change-induced natural hazards. According to the 2010 Census
data, Lumberton had a total population of 21,000 people, with an approximate employment rate of
50%, significantly lower than the US average of 64% (U.S. Census Bureau, n.d.). Additionally,
30% of the population was living below the poverty level, double the US average of 15%.
Compared to the US average of $50,000, Lumberton’s median household income was $32,000 and
the median property value was $112,000, contrasting the US average of $120,000. Lumberton has
tri-racial demographics and a minority-majority population (American Community Survey, 2015).
Approximately 7% of the population is Hispanic or Latino, and Lumberton’s racial composition
1s 41% White alone, 37% Black or African American alone, 13% American Indian and Alaska
Native alone, 2% Asian alone, >1% Native Hawaiian and Other Pacific Islander alone, 4% some
other race alone, and 3% two races or more. On average, Lumberton individuals and households
have lower economic resources compared to different areas across the state of North Carolina (van
de Lindt et al., 2018). Highlighting the economic challenges faced by Lumberton residents, these
statistics establish the vulnerabilities this community faces in terms of impacts from natural

hazards.
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Figure 10: Lumberton in relation to Robeson County and North Carolina (Nofal and van de Lindt, 2020).

Lumberton has implemented various mitigation measures aimed at reducing flood risks. Protecting
low-lying communities south of the Lumber River, the U.S. Department of Agriculture built a
levee, completed in September 1974 and managed by the City of Lumberton (van de Lindt et al.,
2018). However, challenges arise when levees and other structural protective measures are
implemented including high maintenance costs, environmental impacts, and increased
development in hazardous areas (Hino et al., 2017). Following Hurricane Fran in 1996, Lumberton
initiated buyouts acquiring 21 properties, reflecting typical outcomes among similar case studies,
the lots remain vacant (BenDor et al., 2020). Constraining the accuracy of current analyses,
challenges in data quality and detail highlight the need for improved data collection to fully

understand the implications of property acquisition programs (BenDor et al., 2020).

Hurricane Matthew began as a Category 1 storm in the Caribbean Sea on September 29, 2016, and
rapidly intensified to a Category 4 storm on October 1, making landfall in Florida as a Category 2
storm, and Category 1 storm in North Carolina bringing significant rainfall. Figure 11 depicts
Hurricane Matthew’s path and when it made landfall as a Category 1 Hurricane. Resulting in 49
casualties, Hurricane Matthew caused severe damage (National Centers for Environmental

Information, 2023).
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Lumberton flood management plans are designed for recurrence intervals (100-year events).

According to NOAA Atlas 14, the average expected precipitation for a 500-year event in

Lumberton is 11.8 inches (National Weather Service, n.d.). However, Hurricane Matthew was

categorized between a 200- and 500-year event due to Lumberton experiencing 12 inches of rain

in 48 hours.
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Figure 11: Hurricane Matthew's path and timeline created from NCH GIS Archive (2016).

Increased precipitation from Hurricane Matthew resulted in swelling of the Lumber River, which

runs through the center of Lumberton, and its tributaries. Rising to record heights the river caused

widespread flooding. Due to the Lumber River’s history of timber transportation, beaver-built

dams and buildup of sediment and debris elicited ineffective drainage, exacerbating the flooding

(NC State Parks, 2017). Designed to protect the city from flooding by acting as a levy-sand wall
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barrier, the I-95 embankment failed at the underpass, allowing water to flood the city. Lumberton
was without electrical power for five days and without water for three weeks. Figure 12 depicts
the flooding in Lumberton after Hurricane Matthew. Previously considered outside the 100-year
floodplain due to the levee, many households were unprepared and uninsured for such an event,

complicating recovery efforts when Hurricane Florence hit Lumberton in September 2018.

Figure 12: Flooding in Lumberton caused by Hurricane Matthew (Wheeler, 2016).

In the Atlantic Ocean on September 1, 2018, Hurricane Florence began as a Category 1 storm and
rapidly intensified to a Category 3 storm on September 9, and Category 4 on September 10. On
September 12, Florence weakened to a Category 2 storm and on September 14 made landfall in
North Carolina as a Category 1 storm, as shown in Figure 13. Lingering for several days, North
Carolina was devastated by catastrophic flooding. Florence’s slow movement and heavy rainfall,
15 to 18 inches of rain on saturated soil, led to record-breaking floods. Resulting in damages of
approximately $29.3 billion and claiming 53 lives, Florence was one of the costliest hurricanes in
U.S. history. Due to unprecedented levels of rainfall and subsequent flooding, Florence’s impact
surpassed that of previous hurricanes, including Hurricane Matthew in 2016 and Hurricane Floyd

in 1999 (National Centers for Environmental Information, 2023). Hurricane Matthew’s and
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Florence’s paths are depicted together in Figure 14, as well as the location at which they hit North

Carolina as Category 1 storms.
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Figure 13: Hurricane Florence's path and timeline created from NHC GIS Archive (2018).
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Lumberton was devastated by the impact of the two events two years apart. After Hurricane

Matthew, FEMA received 18,372 applications for assistance from Robeson County and granted
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$23.4 million as of January 2017 (Hunter, 2017). Reducing the severity of the event, the City of
Lumberton implemented temporary berms and pumps to reduce the water swelling from riversides.
However, critical weaknesses in Lumberton’s flood protection infrastructure and the socio-
economic consequences were unveiled by the damage caused by these hurricanes. Hazard-
damage-consequence models highlight Lumberton’s vulnerability to climate change-induced
natural hazards and emphasize the need for resilient infrastructure development to enhance the

community’s ability to withstand future floods.

Utilizing the methodology presented in Chapter 2, a hazard-damage-consequence model was
developed for Lumberton after Hurricane Matthew. Hazard, exposure, and vulnerability models
were utilized in the development of a hazard approach to account for the total damage/loss of each

exposed building.

3.1: Hazard Modeling

To determine the extent of damage a specific hazard causes to a community, hazard modeling is
necessary. Using hydrologic and hydrodynamic models, flood hazards are characterized by their
frequency, intensity, and spatial distribution. By analyzing river characteristics, soil, and land use,
hydrologic modeling uses precipitation to estimate water flow and discharge. The Lumber River
and smaller streams like Red Springs Creek contribute to flooding in Lumberton. Changes in water
movement over time and factors affecting infiltration and runoff can be estimated using flow
hydrographs and boundary conditions in hydrologic analyses. Flow data estimates from
hydrographs are used in hydrodynamic modeling to predict flood depths and extents, while

considering topographic features. HEC-RAS and other advanced models simulate complex surface
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and groundwater interactions. Hazard modeling helps to identify vulnerable areas, inform

floodplain management, and design mitigation techniques.

Digital Elevation Models (DEM) provide ground elevations used to determine flood depths. Water
Surface Elevations (WSE) incorporate DEMs to plan and respond to natural hazards.
Comprehensive hazard maps visualize flood risks and guide mitigation efforts using DEMs and
flow hydrographs. Utilizing pre-existing models and maps, this study performs hazard modeling
analyses. Nofal et al. (2020) published Hurricane Matthew flood inundation maps to IN-CORE

and compared them to FEMA flood inundation maps, as shown in Figure 15.

Figure 15: Hurricane Matthew flood inundation depth: (a) Flood inundation depth developed by Nofal and van de Lindt (2019);
(b) Flood inundation depth developed by FEMA (2019). See Nofal and van de Lindt (2020) for more details.

3.2: Community Modeling

Community modeling uses detailed building information, collected after Hurricanes Matthew and
Florence, to identify exposed assets in and around Lumberton. From 2016 to 2023, a
multidisciplinary team of engineers, social scientists, and economists visited Lumberton to
evaluate the recovery process and collect community data (van de Lindt et al., 2018; van de Lindt
et al., 2020; Sutley et al., 2021; van de Lindt et al., 2021; Helgeson et al., 2021; Watson et al.,

2022). Gathering evidence of recovery efforts, teams engaged with city officials and conducted
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citizen surveys. Google Street View and Google My Maps, supplemented by Google Earth, NC
OneMap, and National Structure Inventory (NSI) were used to verify first floor elevation and other
building characteristics in and around Lumberton. GIS was used to conduct spatial analysis of the
collected building data. This data was utilized to create a comprehensive building inventory for

Lumberton.

Employing a portfolio of 15 building archetypes, 20,000 buildings in the Lumberton building
inventory were populated using a numerical model (Nofal and van de Lindt, 2020). Describing
buildings in terms of building occupancies, the 15 archetypes also consider various characteristics
such as footprint area, roof structure, and number of stories. Additionally, for each archetype
building components were developed. Interior components include appliances, furniture, and
cabinetry, while non-structural components comprise windows, and heating and cooling units, and
structural components constitute roofing, flooring, and walls (Nofal and van de Lindt, 2020). To
represent a community with acceptable accuracy, these archetypes are minimized. Total
functionality of each building is accounted for within a community by considering buildings as a
system of systems. Providing valuable insights for future planning and mitigation efforts, this

modeling enables detailed assessment of Lumberton’s built environment vulnerabilities.

3.2.1: Exposure Modeling

Elements at risk in a selected area are identified and quantified using exposure models, including
physical assets such as buildings, infrastructure, and population data. Exposure models detail parts
of communities that could be impacted by hazards. 20,000 buildings, their locations, archetype,

and other characteristics including first-floor elevation, and roof and foundation category are
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represented in Lumberton exposure models (Nofal and van de Lindt, 2020). Figure 16 displays the

Lumberton building inventory.
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Figure 16: Visualization of the Lumberton building inventory overlaying the Hurricane Matthew flood inundation map.

High-resolution community models combine building exposure and hazard characteristics,
including flood depths and inundation maps to describe exposure levels. Exposure models were
developed by overlaying hazard maps with Lumberton’s housing unit inventory to predict flood

exposure for each building within the community.
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3.2.2: Vulnerability Modeling

Vulnerability models assess exposed assets damage when subjected to a hazard. Fragility curves
describe the probability of reaching or exceeding damage or loss levels given hazard intensity. For
flood-prone areas like Lumberton, fragility curves quantify building vulnerabilities and guide risk

management and mitigation strategies.

Damage analyses were conducted using IN-CORE to assess the impacts of Hurricane Matthew on
Lumberton. In terms of four damage states, a set of performance criteria was developed describing
flood damage to buildings. Informing damage and occupancy levels, damage states describe both
building functionality and serviceability. Damage states, in this study, are sequential, DS 0 must
be exceeded before reaching DS 1. Without notable velocity, damage from flooding in Lumberton
was mostly non-structural including building content and equipment. Vulnerabilities of homes in
floodplains are highlighted by Hurricane Matthew flooding events. Figure 17 displays exposed

and dislocated buildings in terms of damage states.

(b)

rrrrrrrr

Figure 17: (a) Buildings exposed and (b) buildings dislocated from flooding from Hurricane Matthew in terms of damage state.
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3.3: Risk Analysis

Described in section 2.3, the community-level loss/damage analyses framework determines flood
damage for each building by matching each building’s hazard intensity with the building’s

archetype and associated vulnerability functions.

To calculate flood risk for community resilience analyses, the exceedance probability of each
damage state is used. Hurricane Matthew building damage is described by four damage states,
with the majority of damaged homes in DS 0 and DS 1, indicating minor damage to the structure.
It should be noted that DS 0 does not necessarily mean that the building had no damage but could
have minor damage to components below the first-floor elevation. Higher damage states are
identified in areas south of the Lumber River impacted by the levee breach. In total, 2,874
buildings were exposed, affecting 6,635 people, as depicted in Table 4. Approximately 29% of
exposed buildings experienced damage in DS 0, 62% in DS 1, 8% in DS 2, and less than 1% in
DS 3. Dislocated buildings are defined as buildings that are exposed, and the homeowner relocated
for a period of time. 564 buildings were dislocated, affecting 1,293 people, as shown in Table 5.
Nearly 14% of dislocated buildings encountered damage in DS 0, 73% in DS 1, 13% in DS 2, and

less than 1% in DS 3.

Table 4: Exposed buildings and people in terms of damage state.

DS Exposed Building | Percentage Exposed People Percentage
Count Count
DS 0 843 29.33% 2063 31.09%
DS 1 1789 62.25% 4078 61.46%
DS 2 232 8.07% 472 7.11%
DS 3 10 0.35% 22 0.33%
Total 2874 100% 6635 100%

45




Table 5: Dislocated buildings and people in terms of damage state.

DS Dislocated Percentage | Dislocated People Percentage
Building Count Count
DS 0 77 13.65% 197 15.24%
DS 1 411 72.87% 935 72.31%
DS 2 71 12.59% 150 11.60%
DS 3 5 0.89% 11 0.85%
Total 564 100% 1293 100%

3.4: Synthetic Allocation

Using building analyses, population allocation and dislocation enhance the understanding of a
community’s socio-economic and demographic status in the aftermath of natural hazards.
Established algorithms and diverse data sources, that synthetically allocate households to housing

units, reveal the distribution and characteristics of the population.

High-resolution spatial data of households and housing unit characteristics in Robeson County are
linked to residential buildings by applying Rosenheim’s synthetic allocation approach (Rosenheim
et al., 2021). Combining socio-economic data within IN-CORE provides detailed demographic

characteristics for the community allocated to each structure.

Population allocation algorithms synthetically assign households to housing units and labor to
businesses. Housing unit demographics are known at the census block level yet estimated at the
housing level. To build the social model of the community, each household is synthetically
populated to replicate the Lumberton community with household information including size, race,
ethnicity, tenure, and income. Demographic definitions from the U.S. Census are listed in

Appendix Table A2.
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3.4.1: Exposed Population

Lumberton is considered tri-racial, with the majority of exposed households Black or African
American alone (62% of exposed buildings and 61% of people). American Indian and Alaska
Native alone populations are the second-highest affected group (23% of exposed buildings and
24% of people). White alone populations represent 14% of buildings and 13% of people. Other

racial groups make up a small percentage of the exposed households, depicted in Table 6.

Table 6: Exposed buildings and people in terms of race (not including NA vacant or group quarters).

Race Total Percentage | Total Percentage
Buildings People
1.White alone 355 13.61% 873 13.16%
2. Black or African American alone 1606 61.58% 4032 60.77%
3. American Indian and Alaska Native alone | 593 22.74% 1584 23.87%
4. Asian alone 2 0.08% 7 0.11%
5. Native Hawaiian and Other Pacific | 2 0.08% 5 0.08%
Islander alone
6. Some Other Race alone 10 0.38% 26 0.39%
7. Two or More Races 40 1.53% 108 1.63%
Total 2608 100% 6635 100%

Lumberton’s racial/ethnic damage state distribution is illustrated in Figure 18. Across all three
plots, DS 1 contained the largest number of households with 190 Non-Hispanic White alone
households (54%), 1,088 Non-Hispanic Black or African American alone households (68%), and
299 American Indian and Alaska Native alone households (51%). DS 0 has the second largest
share of households with 132 Non-Hispanic White alone households (38%), 351 Non-Hispanic
Black or African American alone households (22%), and 267 American Indian and Alaska Native
alone households (45%). In terms of economic and damage impacts, flooding from Hurricane

Matthew was not an “equal opportunity” event.
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Figure 18: Race and Ethnicity Percentage by Damage State.

DS 3

Annual household income (HHinc) versus race is analyzed to understand the income distribution

of households affected. Household income was categorized by six groups:

0. not applicable because it is either vacant or group quarters

1. Less than $15,000

2. $15,000 to $25,999

3. $25,000 to $74,999

4. $75,000 to $99,999

5. $100,000 or more.

48



Income group 3, annual household income between $25,000 and $74,999, has the largest group of
exposed people and buildings (37% of exposed buildings, 44% of people). A significant portion
of exposed buildings fall into income group 1, an annual household income of less than $15,000
(33% of exposed buildings and people). Income group 2, annual household income between
$15,000 and $24,999, represents 13% of exposed buildings and 14% of people. Higher income
groups (group 4, annual household income between $75,000 and $99,999, and group 5, annual

household income of $100,000 or more) represent a smaller percentage of affected buildings and

people, as seen in Table 7.

Table 7: Exposed buildings and people in terms of annual household income.

Household Income Total Buildings | Percentage | Total People | Percentage
0.NA vacant or group 266 9.26% 0 0.00%
quarters
1.Less than $15,000 947 32.95% 2165 32.63%
2.$15,000 to $24,999 386 13.43% 914 13.78%
3. $25,000 to $74,999 1074 37.37% 2940 44.31%
4.%$75,000 to $99,999 165 5.74% 519 7.82%
5.$100,000 or more 36 1.25% 97 1.46%
Total 2874 100% 6635 100%

Lower income households are disproportionately affected by flooding. A significant number of
exposed households fall into the income brackets of less than $15,000. Middle-income households,
income between $25,000 and $74,999, are also unequally affected, highlighting economic
vulnerability.

Affected disparately by flooding, Black or African American alone residents comprise the majority
of the exposed population and buildings. American Indian and Alaska Native alone populations

are also significantly influenced, suggesting a need for targeted community support.
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As shown in Figure 19, Black or African American alone households have the highest
representation in households earning less than $15,000 (66%), between $15,000 to $24,999 (60%),
and between $25,000 to $74,999 (63%). Black or African American alone households (39%) and
American Indian and Alaska Native alone (38%) have similar percentages of households with
incomes between $75,000 and $99,999. The highest percentage of households earning $100,000
or more are Black or African American alone (39%), closely followed White alone and American

Indian and Alaska Native alone household (31%).
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Figure 19: Exposed Buildings by Race Compared to Annual Household Income.

White alone households have larger representation in higher income brackets, indicating better

economic conditions. Black or African American alone households are predominantly in the

lowest income bracket, suggesting higher economic vulnerability. American Indian and Alaska

Native alone households have a substantial presence in lower income brackets, demonstrating

economic diversity. Income disparities are evident between racial groups; compared to other racial

groups, White alone households generally fare better economically.

Emphasizing lower- and middle-income prevalence, Figure 20 provides insights into household

income distribution patterns. Underscoring the complexity of economic challenges, this

comparison highlights opportunities to address income disparities and promote economic equity.
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Figure 20: Exposed Buildings by Household Income versus Damage States.

Income bracket 1 (< $15,000) is particularly prominent across all damage states, with DS 1
containing the highest percentage of households (36%) and people (1,454), suggesting economic
vulnerability. Over 40% of households in each damage state have an annual household income
less than $25,000, where households in DS 2 and DS 3 could result in the household relocating for
a period of time. Across all damage states, the largest income bracket is $25,000 to $74,999,
indicating a broad base of middle-income households. Higher income brackets (especially >
$75,000) have lower percentages across all damage states, indicating challenges in achieving
higher economic status. Varying distributions across income brackets and damage states highlight

Lumberton’s economic profile.

Figure 21 illustrates the distribution of exposed buildings across different racial groups and

damage states. Black or African American alone households show the highest percentages in
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DS 0, DS 1, and DS 2, with a considerable presence in DS 3, indicating minority races are
disproportionately affected by natural hazards. American Indian and Alaska Native alone
households have significant percentages in DS 0, with lower percentages in DS 1, DS 2, and DS
3. White alone households represent smaller percentages in DS 1 and DS 2 compared to DS 0,
with a higher representation in DS 3 (50%). According to these results, Black or African American
alone residents are disproportionately affected by flooding in Lumberton, with their representation
increasing in higher damage states. See appendix Figures A2 through A6 for exposed buildings

damage states versus other demographics.
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Figure 21: Exposed Buildings by Race versus Damage State.

Across damage states, economic and racial disparities contribute to varying levels of social
vulnerability, with lower income groups and minority racial groups facing greater challenges in
assessing resources, and other essential services. Particularly in hazard recovery contexts, targeted
mitigation and support programs are needed to address the specific economic challenges faced by
Black or African American alone and American Indian and Alaska Native alone communities.
Highlighted in the data, certifying equitable access to resources and counsel is crucial to mitigating

disparities.

3.4.2: Population Dislocation

Population dislocation refers to households forced, or that choose, to leave their residences due to
hazard-related damages. Described in Section 2.4.1, the population dislocation model predicts
immediate post-hazard event dislocations by allocating detailed housing unit and household
characteristic data to each residential building. Refer to Rosenheim et al. (2019) and Peacock et

al. (1997) for a comprehensive explanation of the dislocation model.
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Housing unit allocation and building results serve as inputs for dislocation models, characterizing
housing units by tenure, household size, and occupancy status, and determining structure value
loss through fragility and hazard services. Distributional equity of buyout scenarios is determined

through population dislocation projections and resilience metrics.

According to the Lumberton field study survey and interviews, the average days of dislocation was
34.4d + 2.4 d, with a median of 61 d, and 26.8 d £ 2.7 d, with a median of 9 d, respectively (van
de Lindt et al., 2018). From the study data, Table 8 details the estimated dislocation rate by damage

state. Households in higher damage states are more likely to relocate for a period of time.

Table 8: Estimated Dislocation Rate by Damage State.

Buildings | Population

DS 0 |9.13% 9.55%

DS1|2297% |22.93%

DS 2 |30.60% |31.78%

DS 3 | 50% 50%

Natural hazard literature regarding population dislocation suggests that low-income and minority
populations occupy the highest hazard areas (FEMA, 2018). In addition, compared to
homeowners, renters tend to experience higher levels and longer periods of dislocation (Peacock
and Girard, 1997; Lin et al., 2008; Comerio, 1998; Zhang and Peacock, 2008; Peacock et al., 2014).
Figure 22 illustrates the tenure of dislocated households by damage state. Dislocated rental housing
percentages increased as damage to a structure worsened. In most cases, even with elevated

damaged properties, low-income homeowners tend to stay in their homes. Especially when
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insurance covers short-term accommodation expenses, higher-income homeowners are more

motivated to temporarily relocate.
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Figure 22: Dislocated Buildings Ownership by Damage State.

From this analysis, due to the simulated Hurricane Matthew flooding event, a total of 1,293 people
in 564 buildings dislocated. According to Lumberton field study data, in Robeson County alone,
approximately 1,400 people dislocated from their homes (van de Lindt et al., 2018). Total

dislocated population differences are due to the synthetic allocation process.
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Table 9 presents households allocated by annual household income. Table 10 depicts the number

of buildings and people dislocated by race. As shown, households with an annual income less than

$15,000 populate a large percentage of dislocated buildings, with Black or African American alone

households having the highest representation.

Table 9: Dislocated buildings and people in terms of annual household income.

Household Income Total Percentage | Total People | Percentage
Buildings

0.NA vacant or group quarters 49 8.69% 0 0.00%
1.Less than $15,000 202 35.82% 477 36.89%
2.$15,000 to $24,999 73 12.94% 170 13.15%
3.$25,000 to $74,999 208 36.88% 548 42.38%
4.875,000 to $99,999 26 4.61% 82 6.34%
5.$100,000 or more 6 1.06% 16 1.24%
Total 564 100% 1293 100%

Table 10: Dislocated buildings and people in terms of race (not including NA vacant or group quarters).

Race Total Percentage | Total | Percentage
Buildings People
1.White alone 82 15.92% 195 15.08%
2. Black or African American alone 299 58.06% 742 57.39%
3.American Indian and Alaska Native alone 117 22.72% 309 23.90%
4.Asian alone 0 0.00% 0 0.00%
5. Native Hawaiian and Other Pacific Islander | 1 0.19% 3 0.23%
alone
6. Some Other Race alone 4 0.78% 10 0.77%
7. Two or More Races 12 2.33% 34 2.63%
Total 515 100% 1293 100%

Dislocated buildings are 58% Black or African American alone households. While other races

have much lower percentages, with American Indian and Alaska Native alone households

accounting for 23%, and white alone households representing 16% of dislocated buildings. In
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terms of displaced households, these results indicate Black or African American alone and Alaska

Native alone communities are disproportionately impacted.

Dislocated building distribution across racial groups and annual household income are illustrated
in Figure 23. 18% of White alone households fall within the middle-income brackets ($25,000 to
$74,999), with 31% an annual income of $75,000 to $99,999, and no representation in the highest
income bracket ($100,000 or more). Black or African American alone households have the highest
representation (63%) in the lowest income bracket (less than $15,000), and a significant presence
with an annual household income of $15,000 to $24,999 (58%) and $25,000 to $74,999 (55%).
American Indian and Alaska Native alone households exhibit notable presence in the lower income
brackets (less than $15,000 at 18% and $15,000 to $24,999 at 27%), with 24% of household with

middle-income bracket ($25,000 to $74,999).

Race with Annual Household Race with Annual Household

Income less than $15,000 Income between $15,000 and

0.99% .
0.50% 3.47% 0 $24,999
\ 13.37% 137%
13.70%
18.32%‘ ‘
27.40%

63.37% 57.53%
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Income $1 00’000 or more m 2. Black or African American alone
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50.00% m 5. Native Hawaiian and Other Pacific Islander alone

= 6. Some Other Race alone

m 7. Two or More Races

Figure 23: Dislocated Buildings by Race Compared to Annual Household Income.

Dislocated building distribution across annual household incomes and damage states are illustrated
in Figure 24. Households with an annual income less than $15,000 have the highest percentages
in DS 0 (32%) and DS 1 (37%), and significant representation in DS 2 (31%) and DS 3 (40%),
indicating vulnerabilities across damage states. Households with an income between $15,000 to
$24,999 have low presence in DS 0 (19%), DS 1 (12%), and DS 2 (11%). $25,000 to $74,999
household income shows prominent representation in DS 0 (36%), DS 1 (36%) and DS 2 (39%),
with the highest percentages in DS 3 (60%). Households with annual household income greater

than $75,000 have minimal presence across all damage states.
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Figure 24: Dislocated Buildings by Annual Household Income versus Damage States.

Determining greatest damage and recovery benefits of property acquisitions, annual household
income is a significant demographic indicator, influencing households’ participation in property
acquisitions. All damage states exhibit a trend where the majority of households fall into income

bracket 1, less than $15,000, and income bracket 3, $25,000 to $74,999.
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Low-income households (less than $25,000) exhibit high vulnerability across all damage states,
with the highest representation in DS 1 and DS 0. Middle income households ($25,000 to $74,999)
show significant representation in higher damage states (DS 2 and DS 3). Higher-income

households (< $75,000) exhibit low vulnerability across all damage states.

Mirroring exposed dataset patterns, Black or African American alone dislocated households are
disproportionately impacted by natural hazards in Lumberton, representing at least 40% of each

DS, with DS 2 having the highest percentage.

Dislocated building damage states in terms of race are depicted in Figure 25. Black or African
American alone households exhibit significant vulnerabilities, with the highest representation in
DS 1 (60%), and DS 2 (66%), and notable presence in DS 0 and DS 3 (40%). American Indian
and Alaska Native alone households have high representation in DS 0 (43%) and significant
presence in DS 1 (21%). White alone households have moderate presence across all damage states,
with 60% of households in DS 3. Dislocated building damage states verses other demographics

can be seen in appendix Figures A7 through A10.
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Figure 25: Dislocated Buildings by Race versus Damage State.

Inclusive hazard response and recovery efforts address the needs of the most vulnerable racial and
income groups, reducing disparities and promoting resilience across all communities. Highlighting

vulnerabilities among racial groups, Black or African American alone households are the most
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impacted across damage states. Demographic and income information ensures policy decisions
promote economic stability and equity. Emphasizing economic disparities faced the Lumberton
community, this analysis provides insight into the income distribution and racial demographics

across different racial groups.

3.5: Acquisition Analysis

Described in Section 2.5, to determine how different input variables influence particular outputs
under a set of given assumptions, acquisition analyses were conducted. Economic and
demographic impacts of hazard-related buyouts are examined in this study for households selected
from the exposed and dislocated datasets. Comparing income and racial compositions across
bought-out buildings, total buildings, exposed buildings, and dislocated buildings, this analysis

emphasizes economic vulnerabilities and implications of hazard management strategies.

Exposed populations have lower median and average income compared to the total population,
shown in Table 11, indicating at risk households have lower annual incomes. Within the exposed
categories, DS 1 has the highest number of households with lower median and average incomes.
Even more pronounced, dislocated populations have the lowest median and average incomes,
suggesting economic vulnerability among dislocated households. Dislocated households in DS 1
exhibit lower median and average annual incomes compared to DS 2 and DS 3, quantifying that
flood hazards are more likely to affect economically disadvantaged households, consistent with

published research (Roohi et al., 2020; Cutter et al., 2003; Phillips et al., 2010; Shi et al., 2022).
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Table 11: Acquisition analysis base scenarios for further calculation.

Scenario Buildings Population Median Income | Average Income
Total 52,801 133,199 $29,566 $42,051
Exposed 2,874 6,635 $24,032 $32,231
Dislocated 564 1,293 $20,989 $30,546
Exposed DS 0 843 2,063 $27,612 $36,209
Exposed DS 1 1,789 4,078 $21,324 $30,167
Exposed DS 2 232 472 $25,357 $33,984
Exposed DS 3 10 22 $26,335 $26,137
Dislocated DS 0 | 77 197 $20,055 $30,238
Dislocated DS 1 | 411 935 $20,435 $30,411
Dislocated DS 2 | 71 150 $26,931 $32.443
Dislocated DS 3 | 5 11 $28,660 $21,508

3.5.1: Acquisition Analysis - Exposed Buildings

Focusing initially on the exposed dataset, this study simulates 11,946 buyout scenarios where 50

acquisitions are randomly distributed across four damage states: DS 0, DS 1, DS 2, and DS 3. Each

scenario is analyzed for metrics including the bought-out building count (Ngg-g), bought out

population count (Ngp.g), and the bought out building annual household income (AHIgg-g). Figure

26 illustrates the comparison of median and average incomes across bought-out buildings selected

from the exposed dataset, total buildings, exposed buildings, and dislocated buildings. Bought-

out buildings have the lowest average annual household incomes.
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Comparison of Annual Household Income: Buyout, Total,
Exposed, Dislocated
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Figure 26: Buyouts Selected from Exposed Buildings: Comparison of Median and Average Incomes.

The median annual household income of the bought-out buildings is $21,514, and the average
annual household income is $28,730, with a standard deviation of $26,992. Standard deviation
measures the dispersion around the average. The total dataset has a median household income of
$29,574 and average annual household income of $42,063, with a standard deviation of $40,370.
For the exposed dataset, the median household income is $24,155 and average household income
is $32,292, with a standard deviation of $29,699. The dislocated dataset has a median household
income of $21,148 and an average household income of $30,560, with a standard deviation of

$29,143.

Supporting earlier discussions, this data indicates higher economic vulnerability among buyout

participants, suggesting that lower income households may be disproportionately affected by
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buyout programs. Although lower than the total building dataset, the median and average incomes
of the exposed buildings dataset are higher than those of the bought-out buildings and dislocated
buildings. Highlighting economic challenges among displaced populations, dislocated buildings

feature lower median and average incomes.

Figure 27 illustrates comparisons of racial demographics from the buyouts selected from the
exposed buildings. The majority of bought-out buildings selected from the exposed dataset are
owned or rented by Black or African American alone households (average 48%), followed by
American Indian and Alaska Native alone households (average 24% ), and only 16% White alone
households. More diverse, the total buildings group has the highest percentage of American Indian
and Alaska Native alone (average 34%), and a notable representation of White alone households
(average 30%) and 22% Black or African American alone households. Most of the exposed
buildings are Black or African American alone households (average 56%), followed by American
Indian and Alaska Native alone (average 21%), and only 12% White alone households. 53% of
the dislocated households are Black or African American alone, 21% American Indian and Alaska

Native alone, and only 14% White alone.
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Figure 27: Buyouts Selected from Exposed Buildings: Comparison of Race.
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Most consistent, the total buildings have less variation in racial composition percentages. Bought-
out buildings show more variation, particularly among Black or African American alone and
American Indian and Alaska Native alone households. Asian alone, Native Hawaiian and Other
Pacific Islander alone, and Some Other Race alone households have negligible representation
across all datasets. Higher percentages of Black or African American alone in the bought-out,

exposed, and dislocated buildings suggest greater vulnerability and impact on these racial groups.

Hazard management and recovery efforts need to consider the racial composition of affected
populations to ensure equitable recovery and resources are provided to reduce disparities and
mitigate long-term socioeconomic impacts. High percentages of Black or African American alone
households in the bought-out, exposed, and dislocated groups highlight the need for targeted

mitigation strategies.

3.5.2: Acquisition Analysis - Dislocated Buildings

Considering the dislocated dataset, 7,211 buyout scenarios are simulated in this study where 50
acquisitions are randomly distributed across four damage states: DS 0, DS 1, DS 2, and DS 3. Each
scenario is analyzed for the following metrics: the total number of buildings bought out (Ngg-p),
the population count of the bought-out buildings (Ngp.p), and the annual household income of the
bought-out buildings (AHIgg-p). Figure 28 depicts annual household income comparisons of the
buyouts selected from the dislocated dataset. Trends seen in buyout scenarios of the exposed

dataset are also seen here.
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Figure 28: Buyouts Selected from Dislocated Buildings: Comparison of Median and Average Incomes.

The median annual household income of the bought-out buildings is $23,750, and the average
annual household income is $30,970, with a standard deviation of $26,507. The total dataset has a
median annual household income of $29,570 and average annual household income of $42,062,
with a standard deviation of $40,371. For the exposed dataset, the median household income is
$24,055, and annual household income of $32,254, with a standard deviation of $29,712. The
dislocated dataset has a median household income of $20,731, and average annual household

income of $30,504, with a standard deviation of $29,602.

Supporting earlier discussions, higher economic vulnerability is indicated among buyout
participants, suggesting that acquisition programs may disproportionately affect lower-income
households. Highlighting economic challenges among displaced populations, similar to bought-
out buildings, the dislocated buildings have lower median and average incomes. Racial

demographics of buyouts selected from the dislocated dataset are compared in Figure 29.
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Predominantly, the bought-out buildings households consist of Black or African American alone
(average 50%), followed by American Indian and Alaska Native alone (average 22%) and White
alone (average 20%). Showing a more balanced racial distribution, the total building group
includes 30% White alone households, 22% Black or African American alone households, and
34% American Indian and Alaska Native alone households. Dominating exposed buildings, there
are 56% Black or African American alone households, followed by 21% American Indian and
Alaska Native alone households, and 12% White alone households. Similarly, the dislocated
buildings households are predominantly Black or African American alone (average 53%),
followed by American Indian and Alaska Native alone (average 21%), and White alone (average
14%). Across all categories, there is virtually no representation of Asian alone and Native

Hawaiian and Other Pacific Islander alone populations.
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Figure 29: Buyouts Selected from Dislocated Buildings: Comparison of Race.
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Particularly in the bought-out, exposed, and dislocated dataset, these results indicate Black or
African American alone households are disproportionately affected and face higher risks and
vulnerabilities in natural hazards. With a more balanced representation in the total dataset, White

alone households are less present in bought-out, exposed, and dislocated buildings.

3.5.3: Acquisition Analysis Conclusions

To quantify the social equitability of property acquisitions, this analysis evaluates simulated
buyout scenarios through examination of racial demographics and annual household income.
Providing similar conclusions, the analyses of property acquisitions selected from the exposed and
dislocated datasets determine lower income levels and minority households are more prevalent in
the bought-out populations. Outliers in income data among the bought-out buildings suggest that
neighborhoods more susceptible to flood hazards may face economic challenges and disparities
post-hazard. Aligning with broader racial disparities, Black or African American alone
households’ higher percentage in bought-out buildings quantify that historically marginalized

communities may face greater impacts and varying levels of support in hazard and recovery efforts.

By prioritizing lower-income, minority households, this data indicates that property acquisitions
in Lumberton would be more socially equitable. Race and income statistics in the bought-out
buildings align with broader trends, promoting equitable strategies to address racial and income
disparities during and after hazard events. Hazard response and recovery efforts address racial
disparities and promote equity in Lumberton by concentrating on the needs of Black or African

American alone communities.
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Chapter 4: Conclusions, Contributions, and Recommendations

Exhibiting “discriminatory patterns,” floods disproportionately affect lower-income households in
lower-lying land. Recognizing inequalities in funding opportunities and resource allocation, the
City of Lumberton is exploring mitigation strategies, promoting resilient and equitable natural

hazard preparedness (Sports, 2020).

Existing literature indicates wealthier, densely populated urban communities benefit from property
acquisitions due to alternative housing options and accessible financial resources. Socially
equitable property acquisitions in Lumberton would require vertical equity with justified reasons
that support different (uneven) distributions that protect vulnerable populations. Results of this
case study quantify that property acquisitions in Lumberton would address the needs of low-

income minority communities and are therefore more socially equitable.

4.1 Conclusions

Leveraging existing work, historical social-science data, and the ongoing Lumberton longitudinal
field study, high-resolution flood risk models and analyses are utilized to mitigate flood hazards
in this research. To enhance vulnerability assessments and mitigation planning, these models
integrated detailed geographic data and building characteristics. Using IN-CORE, this study
assesses the social equitability of property acquisitions by evaluating hazard, infrastructure,
community exposure, and vulnerability models. Combining damage assessments with socio-
economic and demographic data from the neighborhood level (census block) households were
synthetically allocated to understand Hurricane Matthew’s impact on Lumberton. Providing
valuable statistical insights into income variations and racial distributions, the acquisition analysis

compares bought-out and non-bought-out households’ post-hazard. Highlighting significant
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economic disparities, particularly for lower-income groups, concerns about socio-economic

inequalities exacerbated by property acquisition programs are reinforced.

Results from the damage analysis determined the majority of damaged homes were found to be in
DS 0 and DS 1, indicating minor damage to the structure. Approximately 29% of exposed
buildings experienced damage in DS 0, 62% in DS 1, 8% in DS 2, and less than 1% in DS 3. Due
to the levee breach, higher damage states were found in households located south of the Lumber

River.

The majority of households affected by the flooding event are Black or African American alone
(62% of exposed buildings and 58% of dislocated buildings). American Indian and Alaska Native
alone households are the second-largest affected group (23% of exposed and dislocated buildings),
while White alone households represent 14% of exposed buildings and 16% of dislocated

buildings.

By comparing race with annual household income, this study determined that White alone
households are likely to fall into higher income brackets (>30% of exposed white alone households
have an annual income of $100,000 or more). Black or African American alone households are
primarily in the lowest income bracket (=57% of exposed and dislocated households have an
annual income of $24,999 or less), demonstrating economic vulnerability. American Indian and
Alaska Native alone households have a substantial presence in lower income brackets (>25% of

exposed and dislocated households have an annual income between $15,000 and $24,999).

In both the exposed and dislocated datasets, the majority of bought-out buildings were owned or
rented by Black or African American households (>48%), followed by American Indian and

Alaska Native alone households (>20%). Based on this study, Lumberton property acquisitions

74



would be socially equitable as a recovery mechanism used by more low-income minority
households. Documented in literature, and now quantified with modeling, with increasing
representation in higher damage state and lower income brackets, Black or African American alone
households are disproportionately affected by flooding in Lumberton. Property acquisition
decision making processes can be adjusted for social equity recommendations to improve

economic mobility post-hazard.

In summary, this research emphasizes the intersection of annual household income and racial
demographics with exposure modeling and flooding impacts. Through census data, synthetic
household allocation, and the IN-CORE Platform, this study demonstrates a way to quantify how

to make socially equitable property acquisitions with respect to annual household income.

4.2: Contributions

Damage State, Race, and Annual Household Income Comparison: Evaluating the reliability of
property acquisitions, this research provides a detailed comparative analysis of damage states,
racial demographics, and annual household income, offering quantitative understanding of the
intersection between flood impacts and socioeconomic vulnerabilities. Verifying that floods
exhibit “discriminatory patterns,” lower income brackets and higher damage states had a higher

presence of Black or African American alone households.

Economic and Demographic Impacts of Hazard-Related Property Acquisitions Analysis:
Acquisition analyses were employed to examine the social equity implications of property
acquisition strategies in flood prone regions through evaluation of annual household income and
racial demographics across multiple datasets. Future hazard mitigation research can apply this

framework to assess socio-economic impacts of mitigation efforts.
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Lumberton, NC Case Study on Socially Equitable Property Acquisitions: A comprehensive case
study is provided on the social equitability of property acquisition scenarios in Lumberton, a
financially and ethnically diverse community. By prioritizing low-income minority households,
50 buyouts would be more socially equitable in Lumberton. Socio-economic impacts of property
acquisitions in flood-prone inland areas provides a reference for community resilience and hazard

mitigation efforts.

4.3: Recommendations

Following hurricanes, this research examined inland flooding events. All elements of hurricanes
should be factored into further research, including storm surge and wind damage impacts.
Combining aspects of coastal and inland communities would contribute to a more thorough
comprehension of hurricane hazards, enabling a comprehensive evaluation of mitigation and

adaptation management.

Acquisition analyses concentrated exclusively on baseline variables of population, building count,
annual household income, and racial demographics. Incorporation of additional data, including
household market value and insurance coverage, is necessary to increase consideration of social

equity in property acquisitions.

Promoting socio-economic equity in effective property acquisitions, qualitative and quantitative
data and assessments are integral. Only quantitative data is considered in this methodology,
qualitative elements of recovery efforts including land-use impacts, homeowner decisions, and
long-term socio-economic outcomes must be reviewed in future analyses. Ensuring equitable

recovery and effective risk mitigation, property acquisitions must comprise a holistic approach.
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