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ABSTRACT

A RESILIENCE-BASED DECISION FRAMEWORK TO DETERMINE PERFORMANCE

TARGETS FOR THE BUILT ENVIRONMENT

Current design codes and standards focus on the design of individual facilities. A typical building
is designed with the objective of the life safety of occupants. Even performance-based design
approaches assess the required physical performance of an individual structure in order to satisfy
prescribed criteria for that structure individually. Thus, even these performance objectives are
likely not sufficient for a broad view of community-resilience goals. A modern community is made
up of highly coupled networks, and disruptions within one or more networks may lead to
disruptions to other networks. If a large number of buildings within a community become non-
functional for a long time following an event, either because of physical damage or loss of utilities
such as electric power and/or water, the consequences may affect other parts of the community
such that, eventually, significant socioeconomic losses occur. Therefore, the current approach for
designing individual physical components within a community can be reimagined such that it not
only takes into account the performance of a component individually after a catastrophic event but
also considers the consequences its design has on a community. The main purpose of this
dissertation is to develop a methodology that links the performance of components within the built
environment to community-level resilience goals by considering the dependencies and cross-
dependencies between components and networks. Therefore, ultimately, this methodology enables
disaggregation of the community-level objectives into a set of performance targets for the
components of the built environment, which leads itself to the needs of policymakers and

community leaders in order to make long-term planning decisions for a community.
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CHAPTER 1: INTRODUCTION

COMMUNITY RESILIENCE

Modern communities depend on critical infrastructure systems such as electric power networks,
telecommunication systems, water and wastewater systems, and transportation systems; which
have historically been vulnerable to disruptive events including natural disasters (e.g., Hurricane
Maria in 2017; Joplin Missouri tornado in 2011; and Japan Earthquake and Tsunami of 2011),
malicious attacks (e.g., the 2001 World Trade Center Attack), and accidents (e.g., the 2003 North
America Blackout). Thus, studying the resilience of critical infrastructure systems has been in the
engineering research spotlight over the past decade. A resilient community has been defined as
one that has planned for potential hazards in order to be able to resist, absorb, and adjust to
changing conditions as well as to return to a level of normalcy within a reasonable time following

a disaster (Alexander, 2013; Bruneau et al., 2003; Platt et al., 2016; PPD-21, 2013).

The word resilience stems from the Latin word “resiliere” which means “to jump back”. Resilience
has been used, defined, and evolved in various disciplines. Bhamra et al. (2011) as well as Martin-
Breen and Anderies (2011) reviewed the concept, literature, and evolution of resilience as an
increasingly popular term used in many disciplines including ecology, psychology, sociology,
engineering, and economics. Hosseini et al. (2016) reviewed the definition of resilience and the
metrics used to quantify it throughout the articles published over the last two decades in various
disciplines. They categorized the definitions of resilience into four domains: organizational (e.g.,
Vogus and Sutcliffe, 2007; Patterson et al., 2007), social (e.g., Adger, 2000; Keck and
Sakdapolrak, 2013; Pfefferbaum et al., 2008), economic (e.g., Rose, 2007; Rose and Liao, 2005;
Martin, 2011), and engineering (e.g., Bruneau et al., 2003; Hollnagel et al., 2007; Youn et al.,

1



2011). They also reviewed and classified the resilience assessment approaches into qualitative
(e.g., Cutter et al., 2008; Kahan et al., 2009; Vlacheas et al., 2013) and quantitative (e.g., Ayyub,
2014; Bruneau et al., 2003; Chang and Shinozuka, 2004; Henry and Ramirez-Marquez, 2012)
approaches each of which was categorized into several sub-categories. Koliou et al. (2018)
reviewed the previous community resilience studies with a focus on the effects of natural hazards
on the built environment as well as social and economic systems within a community. They also
discussed the critical gaps that are needed to be filled to enhance the available community-level
resilience assessment methodologies. An example of these critical paucities in the literature is
considering the dependencies and cross-dependencies across community components and
networks to study a community-level resilience methodology that links the physical, social, and
economic systems within the community. More recently, Mahmoud and Chulahwat (2017) studied
the interaction of physical, social, and economic systems within a community through a dynamic

framework.

Bruneau et al. (2003) defined a conceptual framework of community resilience and proposed a
quantitative measure for infrastructure resilience which is well-known as the resilience triangle
model. They introduced four properties of resilience in their definition which are well-known as
the four R’s: (i) Robustness which is the strength or ability of a system to resist any disruptive
event or accident to prevent losing functionality, (i) Redundancy which is the extent of
substitutable components or systems that are capable of satisfying functionality requirements in
the presence of disruption, (ii1) Resourcefulness which is the ability to recognize and manage
problems in a case of emergency or disaster by defining priorities and allocating material (i.e.,

monetary, information, technological, physical) and human resources to achieve predefined goals,



and (iv) Rapidity which is the speed or rate of system restoration to meet an acceptable level of

functionality after a disaster.

Chang and Shinozuka (2004) proposed a probabilistic approach to measure community resilience
by comparing initial performance loss in a system and the recovery length to a predefined standard
for each (i.e., system performance and recovery length). In their study, predefined standards were
defined for four dimensions of community resilience, which were previously proposed by Bruneau
et al. (2003): technical, organizational, social, and economic dimensions. Chang and Shinozuka
(2004) illustrated their proposed measurement framework by assessing seismic resilience of the

water delivery system in Memphis, Tennessee, for two retrofit strategies.

Miles and Chang (2003, 2004, and 2006) established a conceptual model for recovery after
disasters in order to study community resilience. The model was conceptualized on the basis of
imperative relationships among a community’s households, businesses, critical infrastructure, and
neighborhoods. Five primary interrelated factors that affect recovery (and, therefore, community
resilience) were proposed to build the model: (1) time, (2) space, (3) agents attributes, (4)
interactions, and (5) policy. Temporal (i.e., dynamic) effects represent the changes in the condition
of a system over time. Spatial effects represent the importance of the topology of community
components. For example, households and businesses are affected by the availability of water and
electric power, transportation conditions, or local employment opportunities which have different
states/performance in different locations within the community. An example for the agent-attribute
effects is the type of demand for the businesses. Businesses with local demands are affected by the
local transportation conditions and the recovery of households in the neighborhood while these
local variables do not significantly affect the businesses that export their products. Interaction

effects represent the dependencies, cross-dependencies, and interdependencies across community



components and networks. For example, electric power is needed for the pumping stations in the
water supply systems. Any disruption in transportation system may impede the access of
inspection and repair crews for repairing the damaged components in, for example, the electric
power network. Households affect the business sector in that they provide employees and are the
consumer of their products and, on the other hand, businesses affect households since they satisfy
the households’ demand. Finally, policy (i.e., decision) effects stem from the organizational
decisions such as mitigation strategies and emergency planning before the event or restoration

prioritization and resource (e.g., material, labor, and budget) allocation after the event.

Cavalieri et al. (2012) developed a model to estimate the number of displaced people after a
seismic event as a metric that is advantageous to emergency managers for planning an emergency
response after an earthquake. The model considers the interactions of residential buildings, the
electric power network, and the water supply network to investigate the inhabitability (i.e.,
functionality) of a building after a seismic event. However, it does not consider the effects of the
restoration processes in the estimation of the metric. Therefore, while useful to some degree, this
metric is not necessarily representative of community resilience (i.e., although it is a community-
level metric, it is not a community-resilience metric) because the model involves robustness (as
one of the resilience properties) in the metric formulation, but it neglects the other three properties

of resilience, i.e., rapidity, resourcefulness, and redundancy.

Lin et al. (2016) presented a disaggregation framework through an optimization problem, which
seeks design performance objectives for individual buildings that satisfy a predefined community-
level goal based on the percentage of the buildings in a community that become unsafe to occupy
after a particular hazard. The framework is a step forward from the current performance-based

design (PBD) toward a community-level (or building-portfolio-level) performance-based design.



The PBD approach assesses and, then, adjusts the physical performance of an individual structure
through an iterative process to meet a prescribed criteria. However, the functionality of an
individual structure is not governed only by its own physical performance, but also by the
performance/functionality of other entities within the community. For example, a hospital in a
community is non-functional without electric power and/or water even if the structure itself is
physically intact. Reinhorn and Cimellaro (2014) and Cimellaro et al. (2015) proposed the
concepts and a general formulation for resilience-based design (RBD) as an extension of
performance-based design (PBD). RBD considers the interaction of all structures (i.e.,
components) and networks within a community to assess a community-level resilience metric
which is required to be satisfied by the performance of individual structures/components within

the community.

Regarding the efforts to change direction of the current modern design approaches that consider
the structures (i.e., components) individually within the built environment of a community, Mieler
et al. (2015) introduced a conceptual framework that disaggregates community-level resilience
goals to specific performance targets for the networks and components within the community.
They illustrated the methodology by disaggregating the community-level resilience goal of less
than 1% probability of significant outmigration after an earthquake with a 500-year return period
to a performance target for new residential building construction. The results required new
residential buildings to have less than a 5% probability of being unsafe to occupy following the
event in order to satisfy the specified community-resilience objective. As was noted in their paper,
the example was only a simplified and generalized illustration of the concepts of the framework

without any detail.



Community resilience works on the premise that some level of failure is inevitable but can be
mitigated as well as planned for in order to minimize the socioeconomic consequences after a
disaster by satisfying community-level resilience objectives. In this regard, a resilience assessment
methodology needs a model that involves not only the components and networks within a
community but also their interactions, their spatiotemporal properties, and policies in order to
enable considering all four properties of resilience (i.e., robustness, redundancy, resourcefulness,

and rapidity) in the proposed methodology.

TORNADO HAZARD

Policymakers, community leaders, engineers, and researchers have expressed growing concern for
extreme natural hazard events and the resulting loss of life, property, and economic vitality. One
such hazard is supercell-spawned tornadoes that can be in excess of 1 km (0.62 miles) wide and
often have long tracks that can pass through an entire community. Recent examples of such events
include the Tuscaloosa, Alabama (2011), Joplin, Missouri (2011), and Moore, Oklahoma (2013)

tornadoes.

The occurrence rate of tornadoes is higher in the U.S. than in any other country. More than 1200
tornadoes touch down every year in the United States, which is approximately four times the
amount reported in Europe (Heidorn, 2007; Bluestein, 2006). Many states throughout the United
States, especially those located east of the Rocky Mountains, are prone to tornadoes (Boruff et al.,
2003), but the probability of a tornado striking any particular community in any given year is quite
low. This low probability of occurrence of tornadoes have prevented their consideration in modern
building codes, but this is changing as a result of deadly and damaging tornadoes in recent years.

For example, in the wake of the devastating tornadoes in Moore, Oklahoma (e.g., an F5 tornado in



1999, an F4 tornado in 2003, and an EF5 tornado in 2013), the city voted to modify their building
code such that the residential buildings in their community could resist the wind speeds associated
with an EF2 tornado (i.e. 60 m/s or 135 mph) (Ramseyer et al., 2015). Considering EF2 intensity
for the design process was likely considered reasonable because (i) it can be accomplished with
standard construction methods (Amini and van de Lindt, 2013) and (ii) historically more than 97%
of all recorded tornadoes are rated as EF2 or lower (FEMA, 2009a). Moreover, even in higher-
intensity tornadoes, the majority of the affected area is associated with EF2 level intensity or below

(Standohar-Alfano and van de Lindt, 2014).

When considering natural hazards in the United States over the last 25 years, tornadoes have
caused the third highest number of fatalities, only surpassed by floods and lightning; and the third
highest in total dollar losses, just after floods and hurricanes (Boruff et al., 2003; NOAA, 2017a).
A number of studies have reported a significant decrease in the number of fatalities and injuries
associated with tornadoes during the past decades as a consequence of improvements in detection
and warning technology, an increase in community awareness, and enhancements in the delivery
of information (Brooks and Doswell, 2002; Boruff et al., 2003; Simmons and Sutter, 2008). In
contrast to injuries and fatalities, property damage has increased as a function of several factors,
including but not limited to growing populations, rising property prices, and demographic shifts
(Brooks and Doswell, 2001 and 2002). For example, the Joplin, Missouri, tornado (May 22, 2011),
the Tuscaloosa, Alabama, tornado (April 27, 2011), and the Moore, Oklahoma, tornado (May 20,
2013) are the top three costliest U.S. tornadoes since 1950 (NOAA, 2017b). Moreover, the tornado
in Joplin on May 22, 2011, is among the top ten deadliest U.S. tornadoes ever and the deadliest
since 1950 (NOAA, 2017c), which underscores the destructive and deadly impact of tornadoes,

particularly when they hit urban areas. That being said, although the probability that a tornado



strikes a particular area of a community is quite low, the consequences can be severe and result in
indirect economic losses and population outmigration, two key metrics in assessing the resilience
of a community following a disaster; which if significant and long-lasting, can further exacerbate

indirect losses over time.

OVERVIEW OF DISSERTATION

In this dissertation, a methodology will be presented for community-resilience-based design
(CRBD). Indeed, performing community-level analyses is a fundamental part of CRBD, which
was investigated thoroughly in several steps throughout this dissertation. In this regard, a
community including households, businesses, schools, and several critical infrastructure systems
was modeled with enough detail such that it enables considering the five primary interrelated
parameters that affect community restoration, proposed by Miles and Chang (2003, 2004, and
2006), in the resilience assessment. As mentioned before, these parameters are time, space, agents
attribute, interactions, and policy effects. Therefore, all four properties of resilience (i.e.,
robustness, redundancy, resourcefulness, and rapidity) are effective in the resilience assessment
methodology in this dissertation. Moreover, modeling a community with enough detail facilitates
studying the disaggregation of a community-level resilience goal to a performance target for the
components of the built environment through an inverse problem or an optimization problem.
Moreover, tornado hazard was investigated in this dissertation in that there exist no community-
level studies to date for this hazard in the literature yet it has been among the deadliest and costliest
natural hazards in the United States. A brief overview of the remaining chapters of this dissertation

is summarized below.



Chapter 2 describes the different layers (i.e., sectors and networks) of the illustrative community
modeled and utilized in this dissertation. It discusses the topology and structure of each layer as
well as the cross-dependencies considered across the layers of the community. Although only the
residential sector, business sector, electric power network, water supply network, and school
network were modeled in this dissertation; other critical infrastructure systems such as
transportation, telecommunication, natural gas and oil, banking and finance, and emergency

services can be modeled and integrated into the current model in future studies.

Chapter 3 discusses the community components properties which, in this dissertation, are the
performance of the components under the tornado hazard and the repair time associated with the
component’s level of damage following a hazard event. A tornado fragility methodology was
described in this chapter to develop a model for the performance of community components when
subjected to a simulated tornado. As a result, a set of tornado fragility curves were generated

corresponding to four prescribed damage states for the community components.

Chapter 4 presents a methodology to simulate a tornado path in order to perform community-level
analyses. In this regard, the statistical parameters for the tornado path length and width were
studied for each EF-scale tornado based on the historical data. Moreover, simulating spatial
damage over the community when subjected to a tornado hazard was discussed to be employed

further in the restoration analysis (i.e., Chapter 5).

Chapter 5 offers a community restoration methodology that enables spatial and temporal depiction
of the restoration process such that one can assess restoration curve/time for each region of the
community besides estimating only one curve/time for the entire community or network.
Moreover, the methodology allows consideration of the effect of cascading failures in the

restoration analysis such that a component remains non-functional until all its suppliers are
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recovered and functional even if the component itself has been repaired physically or has no
damage. This is because the dependencies and cross-dependencies across components and
networks were modeled in the community modeling. It is also worth mentioning that the proposed
restoration methodology considers the effects of policy and decisions such that it allows
considering different types of prioritization rules and different policies for resource allocation (e.g.,
the number of available recovery resource units for each network/sector and mutual aid agreements

among utility companies).

Chapter 6 presents a socioeconomic resilience metric, population outmigration, and a methodology
to quantify this metric. The methodology considers the spatiotemporal effects of school closure,
job loss, non-functional residential buildings, as well as loss of electric power and water for the
end users in order to quantify population outmigration. This allows the methodology to be flexible
enough to assess population outmigration spatially and temporally at any level from the household
level to the community level. Furthermore, the effects of different parameters in the quantification

of population outmigration were discussed through sensitivity analysis.

Chapter 7 offers several models to predict the number of casualties (i.e., fatalities and injuries)
resulting from a tornado event. Over the last 10 years, tornadoes have caused the highest number
of fatalities among natural hazards in the United States. Therefore, in order to study the resilience
of a community, a community-level life-safety constraint should be satisfied along with other
community-resilience metrics. In this regard, the United States census database at the block level
and the United States tornado database were employed in a methodology presented in this chapter
to provide a dataset for a multi-variate regression model which predicts the expected number of

injuries and fatalities caused by a tornado.
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Chapter 8 presents a methodology for community-resilience-based design of the components of
the built environment within a community by defining community-level objectives based on, for
example, the socioeconomic-resilience metric and the life-safety metric developed in Chapter 6
and Chapter 7, respectively. This methodology aims to disaggregate several community-level

goals into the required performance targets for the components of the built environment.

Finally, the overall summary of the conclusions, the anticipated contribution to the profession, and

the recommendations for future research studies are provided in Chapter 9 of this dissertation.
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CHAPTER 2: TESTBED COMMUNITY MODELING

INTRODUCTION

Modern communities rely significantly on critical infrastructure systems (CISs) in order to provide
services that support their economy and provide for the well-being of their residents. Several
modeling and simulation approaches have been developed and utilized over the last decades to
capture the behavior of CISs and to analyze their dependencies, cross-dependencies, and
vulnerabilities. Ouyang (2014) reviewed these modeling approaches and categorized them into
several types: empirical approaches, agent based approaches, system dynamics based approaches,
economic theory based approaches, network based approaches, the hierarchical holographic
modeling approach, the high level architecture based approach, the petri-net based approach, the

dynamic control system theory based approach, and the Bayesian network based approach.

The network based approaches (e.g., Duefias-Osorio et al., 2007; Guidotti et al., 2016; Masoomi
and van de Lindt, 2018a; Masoomi et al., 2017b; Ouyang et al., 2012; Unnikrishnan and van de
Lindt, 2016) are employed to describe CISs by modeling CIS components as nodes and the
physical and relational connections among them as links. These approaches model single CISs by
networks and apply the interdependencies by inter-links. For information regarding the other
approaches as well as the comparison of different approaches refer to Ouyang (2014) and other
review references (e.g., Eusgeld et al., 2008; Griot, 2010; Pederson et al., 2006; Satumtira and

Dueiias-Osorio, 2010).

A community as a complex system includes highly coupled networks. Any malfunction in a
network or one or more of its components could result in a cascading failure, which, in turn, can

cause a loss of functionality in all or part of the system. Therefore, in order to perform risk and
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resilience assessment at the community level, the topology of relevant community components
needs to be modeled with a representative level of dependencies and cross-dependencies across
components and networks to capture these cascading failures. In this dissertation, the network
based approach was employed to model an illustrative community after Norman, Oklahoma. The
residential sector, the business sector, the school network, the water supply network, and the
electric power network were considered in the model. Since the modeled community does not take
into account all details of a community, it is not strictly representative of Norman, OK, and
therefore, has been termed pseudo-Norman in this dissertation. Other CISs such as transportation,
telecommunication, natural gas and oil, banking and finance, and emergency services can be
modeled and attached to the model used in this dissertation for future studies. The pseudo-Norman

model, employed in this dissertation, is described below.

RESIDENTIAL SECTOR

The western part of Norman, OK, with an area of 14.5 km by 12.9 km (9 miles by 8 miles) was
studied herein as pseudo-Norman and includes more than 90% of Norman’s population. Pseudo-
Norman and the corresponding area of Norman, OK, are shown in Figure 2-1. This area was
divided into 0.16 square kilometer (one-sixteenth square mile) grids in order to define the
properties of residential and business sectors in pseudo-Norman with enough detail to still perform
the analyses effectively. The number of houses in each grid was counted using Google Maps (or
it can be estimated by using GIS shapefiles of the US Census database), and the results are shown
in Figure 2-2 (a) as a heat map. Pseudo-Norman was estimated to have 41,254 houses which are
comparable to 41,813 houses based on the census data in 2013 (City-Data, 2016). Then, the
number of occupied and unoccupied houses, population, median house value, median household

income, median family income, the percentage of unemployment, as well as the number of students
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in each school level were derived from census data (City-Data, 2016) for each grid within the
entire city. Thus, 37,785 occupied houses, 3,469 unoccupied houses, 4,829 elementary school
students, 3,671 middle school students, 3,460 high school students, and a total population of
110,844 make up the community of pseudo-Norman. As will be discussed later, each residential
grid (RG) is supplied by specific business grids, school buildings, water tower(s), and an electric
power distribution substation. Therefore, the residential sector (RS) is cross-dependent on the
business sector (BS), the school network, the water supply network, and the electric power network

in this dissertation.
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Figure 2-1. (a) Pseudo-Norman and (b) the corresponding area in Norman, OK, modeled in this
dissertation. The numbers on the maps are the corresponding ZIP codes for this area

BUSINESS SECTOR

The number of workplace buildings (i.e., the buildings where people work) in each grid was also
approximately counted using Google Maps. For each workplace building, a number of employees
was assumed based on the size and type of business and, finally, the number of employees for each
business grid (BG) was estimated which is depicted in Figure 2-2 (b). In total, 53,890 people work

in pseudo-Norman, among which, 49,848 employees live in the city and the rest (i.e., 4,042
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employees) live outside of pseudo-Norman. Each business grid is supplied by specific residential
grids, water tower(s), and an electric power distribution substation. Therefore, the business sector
(BS) is cross-dependent on the residential sector, the water supply network, and the electric power
network. It is worth mentioning that some of the important workplaces in pseudo-Norman (such
as hospitals, fire departments, police departments, Walmart, shopping centers, and the airport)

were modeled as nodes to enable future economic studies.

z S z z z 2 = = w z E z z z 2 I = w

z z z z z < z z z z z z z z < z z z

s s s ) 5 s s ) s B s ) ) 5 B s S

2 2 2 o) 2 2 2 2 2 5 2 2 2

< < < < < E < < < < < < < < E < < <

2 % % % & = 3 % % s % % = 'N| = 3 % %

8 k3 2 J g z o & 2 8 kS 2 P a z ) B 2
2 Indian Hills Rd 5 Indian Hills Rd
=
g
% 101-150 Franklin Rd Franklin Rd
2 514100 S
= A Tecumseh Rd Tecumseh Rd
5 26-50 &
o
g 1125
2 Rock Creek Rd Rock Creek Rd
CRRET) + .
=] 0 5 @)
Z > Robinson St Robinson St
%) .
=8 1000 < — N—
= X Alameda St Alameda St
2
g* R N U,
2 o . K>
©° 73 Lindsey St 73 Lindsey St
= < | N A
= —= 1 |
153 = " @ @
=[101-250 Imhoff Rd - Imhoff Rd
153 3
8 51-100 e @ 2
=)
é 1-50 Cedar Lane Rd Cedar Lane Rd

- L)

LE 0 1 mile
2 (a) ~ 2.3 Post Oak Rd (b) 2.0 Post Oak Rd

Figure 2-2. Pseudo-Norman map showing (a) the density of residential buildings in the
residential sector and (b) the number of employees in the business sector

RESIDENCE-BUSINESS CROSS-DEPENDENCY

In order to link the residential sector to business sector, the employees who live in each residential
grid must be associated with a workplace in a business grid. It was assumed that each occupied
house in the city has two people who are eligible to work, which means that, in total, 75,570 people
who live in the city can be an employee. However, based on the census (City-Data, 2016), there is
some percentage of unemployment for each grid, which results in 71,198 employees who live in

pseudo-Norman. Yet, in the census (City-Data, 2016), only 70% of these employees (i.e., 49,848
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employees) work in pseudo-Norman and the rest have a job outside of the city. For each residential
grid, those employees who work in the city were divided into 10 groups, and each group was

assigned to a business grid.

Figure 2-3 sheds light on the cross-dependencies between the residential sector and business
sector. For example, 70% of the employees whose houses are located in the residential grid marked
with a black star in Figure 2-3 (a) work in a workplace located in the business grids marked with
white stars in Figure 2-3 (b), and the other 30% work outside of the city. Moreover, the employees
who work in the business grid marked with a white circle in Figure 2-3 (b) live in a house located
in the residential grids marked with black circles in Figure 2-3 (a). It should be noted that some of
the employees who work in a business grid may live outside of the city. The cross-dependencies
between the residential sector and business sector will be used to consider the influence of affected

businesses on the households and vice versa as will be discussed later.
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Figure 2-3. An example of cross-dependencies between the residential sector and business sector

16



Finally, it is worth mentioning that the purpose of using grids for modeling residences and
workplaces in pseudo-Norman was to reduce the complexity of the model by narrowing the
heterogeneity and cross-dependencies. However, during the analyses (e.g., population
outmigration analysis), every single building was analyzed through the process, if needed, (e.g.,
every single household in a residential grid was analyzed in population outmigration analysis and

then the results were integrated at the grids level and the community level).

ELECTRIC POWER NETWORK

The electric power network (EPN) plays a key role in the functionality of a community in that
almost all other lifeline networks operate using some level of electric power. Therefore, power
outages can result in substantial economic loss and social disruption. However, in general, these
are short-term disruptions since the restoration of an electric power network following a natural
disaster becomes a priority and is typically restored within hours, days, or in severe cases, after
several weeks (NIST, 2016). Generally, an EPN consists of power stations, which generate
electricity, transmission system, which carries the generated electric power to substations, and
distribution system, which provides the electric power to nearby end-users. Distribution lines can
be constructed using above ground poles or buried underground. However, providing underground
systems for transmission is quite costly and a more recent addition to physical infrastructure

systems.

Google maps of the city of Norman were used to model the EPN in this dissertation. The EPN in
pseudo-Norman includes 4 transmission substations (TSS), 18 distribution substations (DSS), 123
transmission towers, and 1,393 sub-transmission towers. Transmission and sub-transmission

towers are spaced at 310 m and 110 m, respectively. It is worth mentioning that buried underground
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distribution lines were considered for the EPN in pseudo-Norman, which transfer the electric
power to the end users from distribution substations. The EPN is depicted in Figure 2-4. The
transmission lines transfer the electric power to the transmission substations near the point of
consumption, where the power is regulated to sub-transmission voltages. Sub-transmission lines
transmit this electric power to distribution substations, which reduce the voltage further to
distribution voltage levels. Finally, the electric power is distributed through buried underground
distribution lines to the end-users. Coverage zones for electric power distribution substations were
defined such that an area is supplied by only one distribution substation. In other words, although
there might be redundancy in providing electricity for a DSS, i.e., several (sub-)transmission lines

to a DSS, there is no redundant DSS for end-users.

WATER SUPPLY NETWORK

A community relies on its water supply network (WSN), which is essential for life, public health,
firefighting, and industrial processes (NIST, 2016). A typical water network consists of supply,
storage, transmission, and distribution components. These components can be classified into
generating components including reservoirs, water treatment plants, storage tanks, and pumping

stations; and distribution components including pipelines, junctions, and fire hydrants.

In this dissertation, however, a simplified water supply network, including six water towers (WT)
with different capacities and one water treatment plant (WTP), was considered for pseudo-
Norman. The location and the number of WTs, WTP, and fire departments were extracted from
the website of the Utilities Department of the city of Norman. Figure 2-4 shows the components
of water supply network as well as fire departments in the city. A coverage zone was assumed for

each water tower such that an area may be covered by more than one water tower. The functionality
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of each WT depends not only on its physical performance but also on the functionality of the
electric power distribution substation that provides electricity for the pumping station of the WT
as well as on the functionality of the water treatment plant. Therefore, the WSN is cross-dependent
on the EPN. In the case of tornadoes, uprooted trees may cause damages to underground electric
power distribution lines or pipelines of the water supply network; however, that effect was

neglected in the analyses in this dissertation.
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SCHOOL NETWORK

The school network (SN) within a community often captures the attention of residents because it
hosts virtually all children within the community each day. Destruction of school buildings in
natural disasters results in social disruption in addition to possible direct injuries and fatalities.
Therefore, school buildings, as important community components, were included in the
community modeling in this dissertation. As shown in Figure 2-5, fifteen elementary schools (ES),
four middle schools (MS), and two high schools (HS) host pseudo-Norman students. The
attendance boundary of school buildings is also shown in Figure 2-5 using different colors, which
illustrates the cross-dependency of the residential sector with the school network. Each school
building is supplied by specific water tower(s) and an electric power distribution substation.

Therefore, the school network is cross-dependent on the WSN and EPN.
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CROSS-DEPENDENCY MATRIX

For the purpose of the analyses in this dissertation, as illustrated in Figure 2-6, five networks were
modeled for pseudo-Norman—the residential sector, the business sector, the electric power
network, the water supply network, and the school network. The dependencies among the
components of each network as well as the cross-dependencies among networks were modeled to
capture the effects of cascading failure in the analyses. The cross-dependencies among networks

are illustrated in Figure 2-6 and summarized in Table 2-1.
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Figure 2-6. Pseudo-Norman networks and the corresponding cross-dependencies
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Table 2-1. Cross-dependency matrix considered for modeling pseudo-Norman in this

dissertation
is cross-dependent on (i.e., is supplied by):
Network
RS BS EPN WSN SN
Residential Sector (RS) X X X X
Business Sector (BS) X X X

Electric Power Network (EPN)
Water supply Network (WSN)
School Network (SN) X X
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CHAPTER 3: COMMUNITY COMPONENTS PROPERTIES

INTRODUCTION

After modeling the topology of community components, the dependencies among components,
and the cross-dependencies between networks; the component properties that are required for the
damage simulation under a hazard and for the restoration process need to be assigned to each
community component in the model. These properties are the performance of the component under
the hazard and the repair time associated with the component’s level of damage following the
hazard event. The performance of community components when subjected to a simulated tornado
were investigated through fragility analysis. A set of tornado fragility curves were developed
corresponding to four prescribed damage states. Additionally, a repair time associated with each
damage state was assigned to each community component for investigating the restoration process

following a simulated tornado event.

TORNADO FRAGILITY METHODOLOGY

Tornado Load Modeling

The low probability of occurrence of tornadoes has prevented consideration of tornado loads in
modern building codes, but this is changing as a result of deadly and damaging tornadoes over the
last five years (Tuscaloosa, 2011; Joplin, 2011; Moore, 2013). Several experimental studies have

been completed that focused on understanding tornado-induced loads on building surfaces (Haan

et al.,, 2010; Letchford et al., 2015; Refan et al., 2014). As a result of the study by Haan et al.

! This section is based on the paper: Masoomi, H., and van de Lindt, J.W. (2016). “Tornado fragility and risk
assessment of an archetype masonry school building.” Engineering Structures, 128, 26-43.
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(2010), a tornado load coefficient was proposed by van de Lindt et al. (2013) which implicitly
considers the pressure deficit in tornado load calculation. On the other hand, Kikitsu et al. (2011)
modified the formula for tornado-induced pressure calculation, proposed by Simiu and Scanlan
(1996), to explicitly consider the effect of pressure deficit on internal pressure. The latter proposed
approach provides a more detailed model for tornado-induced load calculation, but a lack of
information on building leakage and statistics for model parameters still persists. In another study,
Masoomi and van de Lindt (2017) modified the formula proposed by Simiu and Scanlan (1996)
and developed two Rankine-vortex-based methods to generate tornado fragility surfaces. Their
tornado fragility methodology considered not only the effects of pressure deficit but also the
location of building in terms of the distance from the tornado center line. Their methodology results
in tornado fragility surfaces that can be applied for tornado-induced damage prediction spatially

over a community.

In this dissertation, two ASCE-7-based methods were developed to generate tornado fragility
curves. The procedure discussed in ASCE 7-10 (2010) for calculation of wind forces resulting
from straight-line winds have been extensively studied, and the equation for calculating velocity

pressure is:

q.=0.613K_K_,K,V* (N/m?; V in m/s) Equation 3-1

q. =0.00256K K_K,V* (Ib/ft?; V in mph)

z zt

where, K. = velocity pressure exposure coefficient, K, = topographic factor, K; = wind
directionality factor, V = basic wind speed, g. = velocity pressure calculated at height z, and g, =

velocity pressure calculated at mean roof height 4.
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Wind pressure for the main wind force resisting system (MWFRS) is then calculated as:

p=49GC,—q,(GC,) (Ib/ft*) (N/m?) Equation 3-2

where, ¢ and g; are velocity pressure calculated at height z or 4, G = gust-effect factor, C, = external

pressure coefficient, and GC),; = internal pressure coefficient.

For components and cladding (C&C) wind pressure is determined as:

r=q,[(6c,)-(6C,)] o) (N Equation 3-3

where, g, = velocity pressure calculated at mean roof height h, (GC,) = external pressure

coefficients, and (GC),;) = internal pressure coefficient.

The winds from a tornado extend 9,000 to 15,000 meters (30,000 to 50,000 feet) above the ground
and are a turbulent phenomenon. In general, there are many key differences between tornadoes
and straight-line wind. In this dissertation, certain modifications were applied to the ASCE 7-10

(2010) methodology for straight-line wind loads in order to obtain the tornado-induced forces.

The first modification is with regard to the directionality factor, Ks. Justification for using the
directionality factor is mentioned in the ASCE 7-10 commentary (2010) as the following: “This
factor accounts for two effects: (1) The reduced probability of maximum winds coming from any
given direction and (2) the reduced probability of the maximum pressure coefficient occurring for
any given wind direction.” Indeed, these effects consider circumstances in which it is probable that
the strongest winds come from a non-critical direction. All of these considerations deal with
straight-line winds but the maximum wind speed can occur from any direction in tornadoes, which

may exert a maximum pressure coefficient on buildings from any direction (Prevatt et al., 2013;
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FEMA, 2015). Thus, the directionality factor is conservatively neglected in the tornado-induced

load calculation and is set equal to 1.0 in the determination of tornadic loads.

The second consideration for wind loading is that different exposures in ASCE 7-10 (2010) result
in a different coefficient for straight-line winds. Several studies have been completed regarding
the effects of ground surface roughness in tornadoes (Dessens, 1972; Leslie, 1977; Liu and
Ishihara, 2016; Natarajan and Hangan, 2009; Sabareesh et al., 2012 and 2013). Sabareesh et al.
(2013) showed that, with the introduction of roughness, the internal pressures decrease in
magnitude irrespective of swirl ratio, external pressures decrease in magnitude compared to
internal pressures, and the net local roof wind force increases in magnitude. However, in this
dissertation, regardless of the ground surface roughness and the fetch length of the surrounding

terrain, the analysis is considered based on the Exposure C (ASCE 7-10, 2010).

Moreover, there is an ongoing debate related to the modification of pressure coefficients. Several
studies have shown that tornadoes result in greater pressure on buildings than straight-line winds
for the same reference wind speed (Alrasheedi and Selvam, 2011; Haan et al., 2010; Roueche et
al., 2015; Sabareesh et al., 2012; Selvam and Millett, 2003; Sengupta et al., 2008). However, there
is no consensus on the intensity of pressure that tornadoes can apply on building surfaces since
tornado loading still possesses significant uncertainty primarily related to researchers
understanding of the phenomena. Therefore, additional parameters are defined in this dissertation
to modify pressure coefficients. The modification of the pressure coefficient is divided into two
parameters to separate internal and external pressure coefficients which are different in ASCE 7-
10 (2010). The first parameter is tornado external pressure adjustment, 7., which is defined herein
to modify the external pressure coefficients. The tornado external pressure adjustments are based

on the study done by Haan et al. (2010). Note that Haan et al. (2010) used ASCE 7-05, but using
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ASCE 7-10 (2010) does not alter the values since the external pressure coefficients are the same
for both editions. The second coefficient is 7;, tornado internal pressure adjustment, which needs

further investigation and is set to 0.0 or 1.0 in this dissertation as will be discussed later.

The modifications described above are applied to the method outlined in the wind provisions of
ASCE 7-10 (2010) to assess wind loads from tornadoes in this dissertation. Moreover, the local
topographic effect was neglected, i.e., K.; is assumed to be 1.0, and all the analyses either for the
main wind force resisting system (MWFRS) or for components and cladding (C&C) were
determined based on velocity pressure calculated at mean roof height h, i.e., gx. Since the near-
surface wind flow in tornadoes is turbulent and has not been adequately studied, this assumption

is felt to be rational. Thus, the tornado-induced wind load is calculated by the following equations:

q,=0.613K,K_V* (N/m%); Vin m/s Equation 3-4
g, =0.00256K,K_V? (Ib/ft?); V in mph
p=4,[T.(GC,)-T.(GC,)| b/t (N/m?) Equation 3-5

where, Kj, = velocity pressure exposure coefficient at mean roof height 4, K.; = topographic factor,
V = 3-sec gust wind speed, and g, = velocity pressure calculated at mean roof height 4, G = gust-
effect factor, C, = external pressure coefficient, (GCp;) = internal pressure coefficient, 7. = tornado

external pressure adjustment, and 7; = tornado internal pressure adjustment.

In order to calculate tornado-induced wind loads by using Equation 3-5, two alternative approaches

were proposed in this dissertation—namely Approach A and Approach B, which are as follows:
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Approach A: Using the pressure coefficients per ASCE 7-10 (2010) along with tornado pressure

adjustments derived based on the study done by Haan et al. (2010).

Haan et al. (2010) studied tornado-induced wind loads in a laboratory-simulated tornado on a 1:100
scale one-story gable roof building model with a 91 mm by 91 mm (3.6 in. by 3.6 in.) plan, an
eave height of 36 mm (1.4 in), and roof angle of 35°. They compared the measured pressures with
the ASCE 7-05 standard and found that external pressure coefficients appeared to be greater than
those prescribed by ASCE 7-05 for straight-line winds over open terrain. Based on their study, the
uplift pressure coefficients for the MWFRS and for C&C exceeded those from the ASCE 7-05
wind provisions by a factor of 1.8-3.2 and 1.4-2.4, respectively. They assumed a fully sealed
building in their study, which negated the effect of internal pressure change on mitigating the static
pressure drop caused by the tornado vortex. However, there exist openings and some level of
leakage in typical buildings which could significantly decrease the effect of static pressure drop
(Roueche et al., 2015). Therefore, using these coefficients as 7. in Equation 3-5 requires that 7; be
set equal to zero since the internal pressure has already been considered inherently in coefficients
identified by Haan et al. (2010). It is worth mentioning that although openings reduce the effect of
the static pressure drop, at the same time they may cause notable internal pressure by letting wind
flows into building (Kikitsu et al., 2011; Letchford et al, 2015). A similar observation was made
for lateral pressure coefficients and revealed that the pressure coefficients ranged from 1.0 to 1.5
times larger than those coefficients in ASCE 7-05 for MWEFRS and 1.2 to 1.5 times larger for
C&C. Using the values obtained for adjusting the lateral pressure coefficients for C&C (i.e., T
ranges between 1.2 and 1.5) in Equation 3-5, 7; should be set equal to zero for the same reason
explained above for the MWFRS and C&C. However, lateral pressure coefficients for MWFRS

were calculated by integrating the pressures over the model surface, which canceled out the static
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pressures effect (internal pressure and pressure drop) only in this case (Haan et al., 2010).
Therefore, using this 7. value for lateral pressure coefficients for MWEFRS in Equation 3-5 should

be done by setting 7; equal to 1.0.

Approach B: Using the pressure coefficients per ASCE 7-16 (2016) along with both 7. and T;

equal to 1.0.

The ASCE 7-16 (2016) coefficients for roof pressures are notably larger than the ASCE 7-10
(2010) based on recent wind tunnel test results and are believed to be derived from the best pressure
measurements generated to date. Moreover, as discussed earlier, internal pressure is neglected in
Approach A (except for estimating lateral pressures on MWFRS). However, in some cases,
including internal pressure and using tornado pressure adjustments (i.e., 7. and T;) equal to 1.0 in
Equation 3-5 may result in a higher load than when using Approach A. In this regard, the
alternative Approach B is defined by setting the tornado pressure adjustments (i.e., T, and T;) equal
to 1.0 and using the pressure coefficients per ASCE 7-16 (2016) representing the best knowledge

in pressure coefficients currently available for straight-line winds.

The differences between the Approach A and Approach B for calculating tornado-induced load by

using Equation 3-5 are highlighted in Table 3-1.

Table 3-1. Difference between Approaches A and B for Calculating Tornado-induced Load

Parameters Description Approach A Approach B
Te 1.8-3.2
MWEFRS
. Ti 0.0
Uplift Pressure
Te 1.4-24
C&C
. Ti 0.0
Tornado Pressure Adjustment 1.0
Te 1.0-1.5
MWEFRS
Ti 1.0
Lateral Pressure
Te 1.2-2.0
C&C
Ti 0.0
External Pressure Coefficients, GC, ASCE 7-10 ASCE 7-16
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The statistics for wind load parameters are summarized in Table 3-2. Since the illustrative building

archetype provided in this chapter has a flat roof, the nominal values for GC, for roof covering are
based on the values for gable roofs with 6 <7° in ASCE 7-10 (2010) or ASCE 7-16 (2016). As

mentioned before, the topographic factor, Kz, is deterministic and set equal to 1.0. It is noted that
the ASCE 7-16 (2016) parameters are the same as those in ASCE 7-10 (2010) except the external

pressure coefficients for roof C&C.

Table 3-2. Wind Load Statistics

Parameters Descriptions Nominal Mean COV Distribution References
0-4.57m 0-15ft) 0.85 0.82 0.14
6.10 m (20 ft) 0.90 0.84 0.14
K, 7.62 m (25 ft) 0.94 0.88 0.14 Lee and Rosowsky (2005)
9.14 m (30 ft) 0.98 094 0.14
12.19 m (40 ft) 1.04 1.00 0.14
G i i 082 0.10 Ellin ng)logdggr)ld Tekie
Enclosed Buildings 0.18 0.15 0.33
GCpi Partially Enclosed 0.55 046 033
Buildings
c, Wall 0.80 0.69 0.15
Roof -0.90 -0.81 0.15 Normal
Parapet 1.50 1.43  0.18 COV and Mean/Nominal:
Door -0.86 081 0.12 Ellingwood and Tekie
. (1999)
Window -0.81 -0.77  0.12
Roof Cover- Zone 1 -1.00 -0.95 0.12 Nominal:
ac, Roof Cover- Zone 2 180 171 0.12 Joosiip 88}2;
Roof Cover- Zone 3 -2.80 -2.66 0.12
Roof Cover- Zone 1’ -0.90 -0.86  0.12
Roof Cover- Zone 1 -1.70 -1.62  0.12
Roof Cover- Zone 2 -2.30 -2.19  0.12
Roof Cover- Zone 3 -3.20 -3.04 0.12

Resistance Modeling
Over the years tornadoes have destroyed or severely damaged a significant number of schools,

resulting in injuries and fatalities. One well-known case was Xenia senior high school in Xenia,
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Ohio, in the United States, which was hit by an F5 tornado in 1974 (FEMA, 2009a). The school
building is shown in Figure 3-1 before and after the tornado that passed directly over the school.
The enclosure walls failed on the west and south sides; roofs collapsed over the three long spans—
the auditorium, the boys’ gym, and the girls’ gym; and the lightweight roof was torn off by the

extreme winds.

Figure 3-1. Xenia Senior High School, Xenia, Ohio: (a) before tornado, (b) after tornado
(Excerpted from FEMA (2009a), photo credit: WERC, TEXAS TECH UNIVERSITY)

Y

The floor plan for Xenia Senior High School, shown in Figure 3-2, was selected here to be studied
as an illustrative archetype representing the school buildings within a community. The construction
types for Xenia Senior High School varied among the main parts of the school—original building,
and three additions; namely A, B, and C (FEMA, 2009a). The structural system for the original

building and addition B was a lightweight steel frame with open-web steel joists. Addition A had
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loadbearing masonry walls with hollow-core precast concrete roof planks, and addition C had
precast concrete frames with concrete double-tee roof beams. Moreover, the girls’ gym included
loadbearing masonry walls with precast concrete tee beams while the auditorium and the boys’
gym included loadbearing masonry walls with steel trusses. However, the archetype studied here
is assumed to be a one story building with a structural system consisting of unreinforced masonry
walls constructed of 0.2-meter (8-inch) concrete masonry units and 0.1-meter (4-inch) face bricks.
The roof consists of hollow-core precast concrete roof planks (Figure 3-3). Moreover, this high
school has three unreinforced masonry long-span rooms, i.e., two gymnasiums (girls’ gym and
boys’ gym) and one auditorium, constructed of 0.3-meter (12-inch) concrete masonry units and
0.1-meter (4-inch) face bricks. The long-span rooms have roofs with precast concrete tee beams
(Figure 3-3). Details for roofs and walls are summarized in Table 3-3, and the beam cross-sections

used in the roof system of the main building and the girls’ gym are shown in Figure 3-3.
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Figure 3-2. The High School Archetype Floor Plan, Excerpted from FEMA (2009a)
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Figure 3-3. Cross-sections Used in the Roof System of the Main Building and the Girls’ Gym.

Table 3-3. High School Building Construction Details

Building Part Dimensions Walls

Precast Concrete Roof System™

Beam Type Name in PCI (1971) Strand Pattern

Walls Height =
4.3m (14ft)
Parapets Height =
0.9m (3ft)
39m X 24.5m X 8m
(1281t x 80ft x
26ft)
43m x 30.5m X 9m
(1401t x 100ft x
30ft)
44m x 27.5m X 9m
(1441t x 90ft x
30ft)

Main 8 CMU

Girls” Gym 12> CMU

Boys’ Gym 12> CMU

Auditorium 12> CMU

Hollow-Core 4HC8+2 58-S

Single Tee 8ST36+2 128-D1

Single Tee 10ST48+2 188-D1

Single Tee 10ST48+2 148-D1

* Roof details can be found in PCI (1971).

For edge-supported (by roof, floor, and adjacent walls, etc.) unreinforced masonry walls under

uniform lateral pressure loading, the major failure mechanism is associated with cracking due to

flexural tensile stress (FEMA, 2009b). Therefore, tensile strength is the most important failure

metric in unreinforced masonry design, which is a function of several factors including tension

direction, such as tension parallel to or perpendicular to the bed joint; type of units, i.e., solid units

or hollow units; the unit grouting condition, i.e., ungrouted, partially grouted, or fully grouted; and

the mortar type, such as Portland-Cement Lime mortar (PCL) or Masonry Cement (MC) mortar,
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which can be type M, S, or N mortar. The out-of-plane modulus of rupture values in the strength
provisions of the Masonry Standards Joint Committee code (MSJC, 2011) are approximately 1.9
times the allowable stress design values. Since no source data is available for partially grouted
masonry, its values are determined on the basis of linear interpolation between fully grouted
hollow units and ungrouted hollow units based on amount (percentage) of grouting (MSJC, 2011).
In this dissertation, 25 percent of grouting was assumed as the definition of partially grouted
masonry which would be consistent with grouting of cells at 1.53 to 1.83 meter (5 to 6 feet) on-
center for reinforcement. Two types of concrete masonry units (12”7 CMU for gyms and
auditoriums, and 8” CMU for the rest of the building) and five types of masonry material are
considered here. A summary of the flexural tension values is given in Table 3-4; all the values are
related to tension normal to bed joints in hollow units. The table gives the sample size, mean, and
coefficient of variation of each masonry material type. Furthermore, the current allowable flexural
tension stress and modulus of rupture in the MSJC code (2011), and the ratio of the mean flexural
tension stress to allowable stress is highlighted in the aforementioned table. All flexural tension
values given in Table 3-4 are based on net cross-sectional properties (Kim, 2002), and normal

distributions were assigned for all of these materials.

Precast concrete single Tee beams and precast concrete hollow-core beams were selected for the
roof system which is consistent with the roof system in the Xenia senior high school failure in
1974. In fact, prestressed concrete is a technique for overcoming concrete's weakness in tension
so that it can be used in beams with a longer span. Conventionally, precast concrete beams are
designed for the gravity loads, and not for the uplift loads. Hence, although prestressing removes
a number of design limitations and has several advantages under normal loading conditions, it can

be a disadvantage if the design engineer did not recognize the effects of wind uplift loads. Failure
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of precast concrete beams occurred in several wind events (e.g., Typhoon Paka, Guam 1997; a

tornado in Missouri, May 2003) (FEMA, 2010).

The statistics for negative moment resistance and material properties of precast concrete beams
are provided in Table 3-5. The statistics for negative moment resistance of beams are calculated
based on material properties and conventional procedures in precast concrete structural analysis.
The section properties and strands pattern of each beam were determined using a PCI (1971) design
manual. The old Xenia senior high school, which was destroyed in the 1974 tornado, had been

built in 1957, but the archetype herein was designed to be representative of a 1970’s school.

Moreover, the connections between the precast concrete decks and wall are not usually designed
for uplift loads. Therefore, because the deck dead load itself is often inadequate to resist the tornado
uplift, bolt break out can be another roof failure mode in this case. Bolt break out statistics are

given in Table 3-6.

Table 3-4. Statistics of Masonry Flexural Tension- Normal to bed joints, Hollow units (Kim,

2002)
Modulus of Allowable .
Type 11\\/[/[3:;?% ar:aci Sz;Iin[;le Mean COoVv Rupture in Stress in MSJC izﬁt;o Zf)llt:/[ g?rle;(;
P ? MSJC Code Code W
M1 Fully Grouted, 6 2.0 MPa 011 1.12 MPa 0.59 MPa 337
M/S, PCL (289.6 psi) ’ (163 psi) (86 psi) ’
M2 Partially 1.47 MPa 0.61 MPa 0.32 MPa
Grouted, M/S, =¥ ’ . 0.31 ’ . ) . 4.63
PCL (213.0 psi) (88 psi) (46 psi)
M3 Ungrouted, 1.29 MPa 0.43 MPa 0.23 MPa
M/S, PCL 80 (186.5 psi) 0.48 (63 psi) (33 psi) 265
M4 Ungrouted, N, 0.69 MPa 0.33 MPa 0.17 MPa
PCL 61 (100.5 psi) 0.45 (48 psi) (25 psi) 4.02
M5 Ungrouted, N, 0.36 MPa 0.16 MPa 0.08 MPa
MC 17 527psi) 0P (23 psi) (12 psi) 4.39

* The values for partially grouted masonry are determined on the basis of linear interpolation between fully grouted
hollow units and ungrouted hollow units.
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Table 3-5. Summary of Statistics for Negative Moment Resistance and Material Properties of

Roof Beams
Parameters Description Mean COV  Distribution References
f. (Concrete 28-day cylinder strengths) 4(56 8655 11\(451;)21 0.130 Unanw(z;grlli)Mahan
f, (Yield strength of reinforcement bars) 47?6’gils\gpa 0.073 Bourn(ozno\gzl)e ctal.
Normal
Eps (Modulus of Elasticity of Grade 270 Strands) 1(92?;321% ll\(/lsfi’)a 0.034 Hill (2006)
fou (Ultimate Strength of Grade 270 Strands) 1?3;'961(1\8/{521 0.087 Hill (2006)
4HC8+2 With Strand Code 58-S 1966 1'<N'.m 0.086
(174 kip.in)
Negative ~ 8ST36+2 With Strand Code 128-D1 ?1291 6516kli(N{$ 0.076 Based on
Moment 275.23 kI;I Normal Calculation and PCI
Resistance  10ST48+2 With Strand Code 148-D1 20,080 (1971)
(2436 kip.in)
. 265.06 kN.m
10ST48+2 With Strand Code 188-D1 (2346 kip.in) 0.095

Table 3-6. Roof-to-Wall Connections Statistics

Description Mean COV Distribution References
. Q» . 49.73 kN
Bolt #5; 8 CMU; Fully Grouted (11.18 kip) 0.10
Bolt #5; 8 CMU; Partially Grouted 32.65 kN 0.12
(7.34 kip) .
5138 KN Normal Cui (2007)
Bolt #5; 12” CMU; Fully Grouted (1155 kip) 0.15
. 197 ) . 40.52 kN
Bolt #5; 12” CMU,; Partially Grouted (9.11 kip) 0.10

Roof covering damage is the most common type of wind damage. Built-up roof (BUR) covers and
single-ply membrane (SPM) covers can be used as a roof covering system. Failure of the perimeter
flashing is usually the first wind-induced failure for BUR covers, which then expedites peeling for
the roof cover membrane at the newly exposed edge; the peeling failure can continue and result in
extensive roof covering damage. Bubbling is another roof cover failure, where the roof cover is
separated from the substrate by high wind uplift pressures. A bubbled part of the roof membrane
may become breached by impact from flying debris or by tearing at the perimeter of the bubble,

or it may expand to an area where the roof cover is torn and therefore that bubbled section can also
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tear. Moreover, since BUR covers are often surfaced with gravel or slag, the loose aggregate of
the built-up roof can blow off and cause damage to windows in nearby houses. Window and door
damage is also among the most common wind damage. The importance of building envelope
damage cannot be understated because of water intrusion into buildings at envelope breaches. The
resistance statistics for the BUR roof cover, windows, and doors are shown in Table 3-7. Moreover,
it is worth mentioning that dead loads have a beneficial effect in wind-induced fragility analysis
since they resist uplift loading and must, therefore, be included in the analysis. Dead load statistics

for precast concrete roofs and concrete masonry units are provided in Table 3-8.

Table 3-7. Resistance Statistics for Roof Cover, Window, and Door

Component Mean COV Distribution References
Flashing Resistance 3(2282356 ;If/)m 0.30
Built-up Roof Cover  Peeling Resistance 2(5309 Fl)(sl:)a 0.15
Bubbling Resistance (71;3 1;1:3 0.15  Normal  FEMA (2009b)
Windows Resistance 1(4902 Fl:sl:)a 0.20
Doors Resistance 2(5309 Fl:sl:)a 0.20

Table 3-8. Dead Load Statistics

Element Type Mean COV Distribution Sources
, sy 473 kN/m
Hollow-Core Beam ('HC8™) -~ 354 11p) COV and Distribution Type:
Single-Tee Beam (8°ST36”’) 117592‘1;1%111 0.1 Normal Elhng&g;s f,tail]é(szzom);
Single-Tee Beam (10°ST48") 1(5132151(5%11 PCLAST)
, 2.30 kPa
CMU8 (48 psf) 01 Normal  COV and Distribution Type:
CMU 12° 3.54 kPa ’ Ellingwood et al. (2004)
(74 psf)
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Damage States Definition

Vann and McDonald (1978) defined five damage classes for mobile homes from damage class 0
(i.e., no damage) to damage class 5 (i.e., destruction of the building) based on the building
envelopes. This approach was used in HAZUS-MH-MR4 (FEMA, 2009b) for developing
hurricane fragility curves. Damage states for the school building here were defined based on the
approach proposed by Vann and McDonald (1978). The damage states used for the school building
were defined in Table 3-9 and are governed by the performance of the building envelope, roof
structure, and walls. Damage is classified into five states, varying between 0 and 4 for consistency

with HAZUS-MH-MR4 (FEMA, 2009b):

Damage State 0 (No Damage): Little or no visible damage from the outside; No broken windows

or doors; Minimal loss of roof covering, with no or very limited water penetration.

Damage State 1 (Minor Damage): Maximum of one or two broken windows or doors; Moderate
roof covering loss that can be covered with a tarp to prevent additional water entering the building';

Marks or dents on walls requiring painting or patching for repair.

Damage State 2 (Moderate Damage): Still capable of being occupied; Major roof covering
damage; Moderate window breakage; some resulting damage to interior of the building from

water.

Damage State 3 (Severe Damage): Not able to be occupied, but repairable; Major roof covering
loss; Major loss of windows and doors; Extensive damage to interior from water; Non-load-bearing

wall failure.

! It should be noted that unlike hurricanes, not all tornadoes are accompanied by rainfall. One example is the 2011
EF4 Tuscaloosa tornado that had very little rainfall associated with it until later in the day from a second supercell
that spawned tornadoes in different locations.
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Damage State 4 (Destruction): Not able to be occupied and not repairable; Roof system failure;

Load-bearing wall failure.

If any of the shaded damage indicators in a given row of Table 3-9 occur, the school building is
considered to be in that damage state. For example, for a school to be considered to have sustained
damage state 4 (Destruction), the building must have sustained either roof structural failure or
load-bearing wall failure. It is worth mentioning that in damage state 4 the first four damage
indicators will typically occur, which means that damage state 4 depends only on roof structural

failure and load-bearing wall failure.

Table 3-9. Damage States for School Building

Damage Indicators and the Corresponding Limit States

Dgg’;leg © C(E/Z(r); Window/Door Parapet b;(r)irzlova\(/i _“ St Ro;)f 1 Load-bearing
. g Failure Failure .g a rup ura Wall Failure
Failure Failure Failure
0 <2% No No No No No
> 2%
1 and 1or2 No No No No
<15%
> 15% >1or2
2 and and No No No No
<50% <25%
3 > 50% > 25% Yes Yes No No
4 sz;%a()}jy sz;aojoly Tyg;g';llly Typically Yes Yes Yes

* Each damage state is defined as occurrence of any of the shaded damage indicators in a given row.
Fragility Analysis
Fragility analysis is a common approach to evaluate the performance of a building or a component
of a building (e.g., roof covering) under extreme loads by considering uncertainties in load
calculation and resistance estimation. In order to develop fragility curves for a building under wind
loads, as shown in Table 3-9, different limit states are considered for several building components
each of which participates in constructing a damage state for the building. A fragility curve at the

component level can be defined as the conditional probability of exceeding a limit state (LS) based
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on a specified engineering demand parameter (EDP) under a given hazard intensity, and can be

expressed mathematically as (Ellingwood et al., 2004):

Fr(V)=P[LS > Is,|V =v] Equation 3-6

At the building level, the fragility curve for damage state j is defined as the conditional probability
of occurrence of any of the shaded damage indicators in the row j in Table 3-9 under a given hazard

intensity, which can be expressed as:

1

Fr(V)= P[U(LS 21s,;)|V = v} Equation 3-7

Monte Carlo simulation (MCS) with 10,000 runs was conducted to develop fragility curves at the
component level and building level for the school building archetype introduced earlier. The
procedure is presented in flowchart form in Figure 3-4. For convenience and often a good statistical
fit, a fragility curve can be presented by fitting a lognormal cumulative distribution function to the

developed fragility curve in Monte Carlo simulation.

Equation 3-8

Fr(V)= @(Mj

4

where @(.) = standard normal cumulative distribution function, v = 3-sec gust wind speed, 4 = the

mean of In(V), and { = the standard deviation of In(V).
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wind speed is used, i.e., a static analysis, the spatial effect across the
building was neglected.

Figure 3-4. Flowchart for Developing Fragility Curves

Component-Level Fragility Curves
Based on the three limit states presented in Table 3-9 for doors and windows (the third column in

the table), the fragility curves for this damage indicator were developed for both the enclosed and
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partially enclosed building condition and are presented in Figure 3-5 as a function of 3-sec gust
wind speed. As mentioned before, the enclosed or partially enclosed condition of a building has
no effect on the wind load calculations in Approach A (except for calculating the lateral pressures
on MWERS), but they affect wind loads related to Approach B. A total of 120 doors and windows

were considered in the analysis, specifically 20 doors and 100 windows.
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Figure 3-5. “Doors and Windows” Fragility Curves

Observations of roof covering damage in hurricanes have indicated that because of building
aerodynamics the highest uplift pressures occur at roof corners, the second highest at the roof
perimeter, and the remainder of the roof has even lower pressures (FEMA, 2010; van de Lindt et
al., 2007). Investigation following tornadoes appears to be somewhat consistent (van de Lindt et
al., 2013). Therefore, based on limited knowledge of tornado pressures compared to hurricanes at
this stage there is no logical reason to use different pressure zones beyond those which are defined

by ASCE 7-10 (2010) for roof wind load calculations. Figure 3-6 shows the failure probability of
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roof perimeter flashing and the probability of peeling or bubbling for roof covering for the different
zones indicated in this Figure. According to Figure 3-6, for Approach A fragilities, the roof
covering has a 16% probability of peeling or bubbling for only a 45 m/s (100 mph) 3-sec gust wind
speed in zone 1, and it has a significantly higher peeling or bubbling probability in zone 2 and 3,
namely 85% and 100%, respectively. On the other hand, using Approach B will result in no failure
in zone 1°, and 5%, 35%, and 85% probability of failure respectively in zones 1 to 3 for peeling

and bubbling of roof covering.

Roof covering fragility curves for the limit states defined in Table 3-9 (the second column in the
table) are presented in Figure 3-7. In order to calculate the roof covering probability of failure, the
roof area is divided into one-square-foot areas. Monte Carlo Simulation was implemented and the
failure condition of each one-square-foot area was found by comparison of randomly generated
values of resistance and load using roof covering resistance and wind loads statistics. It is worth
mentioning that, although areas are considered to be statistically independent with respect to roof
covering resistance, they are dependent on their exposure to wind loads. Therefore, in order to find
the binary failure condition for the areas, all randomly generated resistances were compared to a
single random demand (i.e., equal velocity pressure, g, for all the roof area in each run, but

different wind pressure, p, for different zones) in each MCS run.
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Figure 3-6. Built-Up Roof (BUR) Covers Probability of Failure
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Figure 3-7. Built-Up Roof Covers Fragility Curves

Although the external pressure coefficients for roof C&C were increased for zones 1 to 3 in ASCE
7-16 (2016), the fragilities for roof covering based on ASCE 7-16 (2016) are not necessarily greater
than those based on ASCE 7-10 (2010) since a new zone (i.e., zone 1°) was defined in ASCE 7-16
(2016) which has lower external pressure coefficient than the three zones in ASCE 7-10 (2010).
Buildings with the smaller horizontal dimension less than 2.4h do not include zone 1°, therefore
their fragilities are shifted left when ASCE 7-16 (2016) coefficients are used. However, in a
building which major part of the roof is zone 1°, although limit state 1 and 2 may have a higher
failure probability based on ASCE 7-16 (2016) coefficients, they might have a lower probability
for limit state 3 since zone 1’ has a significant contribution to this limit state (i.e., more than 50%

of the roof covering fails).

During intense tornadoes, roofs can be lifted off and can re-settle often collapsing as the result of

significant wind uplift pressure. The weight of building components (e.g., roof precast concrete

46



beams) helps resist uplift loads. Consequently, these components usually survive extreme winds
if they are also well tied to all other building components. However, concrete roof panels that are
not properly connected or reinforced have failed during severe winds. Conventionally, precast
concrete beams are designed for gravity loads (i.e., positive moment), but not for the uplift loads
(i.e., negative moment). Hence, the combined effects of large wind uplift forces and the beams

own pre-stressing forces can result in lifting of the panels and thus negative bending failure.

Two modes were considered here for roof panel failure, which include the roof-to-wall connection
failure and the bending failure of the roof deck under negative moment. The roof structural failure

probability, Py, was evaluated based on the union of these two failure modes defined as:

P ,=PF, OF,] Equation 3-9

where, F. is roof-to-wall connections failure, and Fj is bending failure of the roof beam. These
two events are not statistically independent since they are subjected to the same wind uplift

pressure.

MCS were utilized to evaluate survivability of a beam in bending and connections, and
subsequently the survivability of the roof (or the probability of roof failure). Structural analyses
were conducted under the assumption of a simply supported beam (i.e., simply supported single
tee beams for the boys and girls gymnasiums as well as auditorium, and simply supported hollow-
core roof panels for the rest of the building) in order to find demand forces. Figure 3-8 shows
probability of roof-to-wall connections failure, P, probability of bending failure of the roof beam,
Py, and probability of roof structural failure, Py, as a function of 3-sec gust wind speed for the

boys’ gymnasium roof. As indicated in Figure 3-8, the fragility curves for the union of bending
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failure and connection failure lies on the fragilities of bending failure, which reveals the fact that

these two events are statistically dependent.
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Figure 3-8. Structural Roof Fragility Curves for the Boys’ Gymnasium

The main point here is that all single beams constructed in a roof are somewhat tied together such
that they cannot be assumed to be statistically independent. Thus, the influence of all the roof
beams is inherently applied as a simply supported beam assumption with bending failure at
midspan. In other words, the curves in Figure 3-8 were based on a single tee beam, but these curves
were considered to be representative of the failure probability of the roof. During the analyses for
the school building here, four separate roof portions were assumed, including the boys’ gym roof,
girls’ gym roof, auditorium roof, and the roof for the rest of the building. The total probability of
roof structural failure for the school was calculated by the union of roof structural failure for these
four parts which are stochastically dependent as discussed before. Figure 3-9 shows the roof

structural fragilities for the school building.
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Figure 3-9. Roof Structural Fragility Curve for School Building

As mentioned before, five types of masonry construction, labeled URM1 to URMS, (with material
properties summarized in Table 3-4) were considered in order to provide applicability across the
range of masonry construction seen in the United States. In order to analyze masonry walls
subjected to tornado wind loads, a 0.3 m (1 ft.) strip of wall was assumed as a simply supported
beam typical to what is done conventionally in design to wind load for masonry walls. Four
representative models were considered here for each non-load-bearing wall and load-bearing wall
corresponding to each part of the school (i.e., boys’ gym, girls’ gym, auditorium, and the rest of
the building). The school building fragilities for each non-load-bearing wall and load-bearing wall

were calculated by the union of the failure of these parts. Fragility curves for the unreinforced
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masonry load-bearing wall for the boys’ gym are shown

construction types.
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Figure 3-10. Unreinforced Masonry Load-Bearing Wall Fragility Curves for the Boys’
Gymnasium (5 Different Material Assumptions)
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Building-Level Fragility Curves

For the component-level fragility curves, the failure probabilities were provided for both an
enclosed building and partially enclosed building conditions. Internal pressure in a building during
a tornado is affected by two phenomena, wind flow into the building and static pressure drop
caused by the tornado vortex. Although the latter phenomenon was not explicitly considered in
tornado wind load calculations here, the effect of wind flow on internal pressure was included by
considering different values for the internal pressure coefficient. If doors and windows on all sides
of the building remain undamaged and closed during a tornado, wind flow into the building will
be minor. However, once there is a breach in the building envelope from the failure of a door or a
window, or penetration of the roof or walls, the wind pressure in the building increases. Therefore,
for generating building-level fragility curves, it was assumed that any failure of doors or windows

results in a partially enclosed building condition.

The building-level fragility curves for the school building with masonry construction types URM1
(i.e., fully grouted masonry construction) and URM3 (i.e., ungrouted masonry construction) are
shown in Figure 3-11 based on Approach A and in Figure 3-12 based on Approach B. Since the
prescribed damage states 1 and 2 in Table 3-9 are not dependent on the masonry construction type,
they are the same for all construction types (i.e., URM1-URMS). On the other hand, damage states
3 and 4 have the non-load-bearing wall and load-bearing wall as one of their damage indicators;
therefore, fragility curves related to these damage states are dependent on the masonry construction
type, and any changes in masonry material statistics result in a change in their fragility curves. As
a result, the fragility curves can cross each other when the masonry construction does not perform
as well as the other damage indicators, e.g., roof covering. When a higher damage state curve (e.g.,

DS4) crosses a lower damage state curve (e.g., DS2) at a wind speed, it indicates that the lower
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damage state is governed by the higher damage state and, therefore, does not occur at that wind
speed. This type of damage has been observed in the field when, in a residential building, the roof-
to-wall connection was weak and the entire roof detached prior to losing much (or any) sheathing
panels (van de Lindt et al., 2012). In seismic fragility analysis, this phenomenon will typically not

occur since, usually, only one engineering demand parameter is used to define damage states (e.g.,

inter-story drift ratio).

3-Sec Gust Wind Speed (m/s) 3-Sec Gust Wind Speed (m/s)
22 45 67 90 22 34 45 56 67
Ve Vs ,,’T PPt 7 P
2 7 =
/ // Il’ } [ / / "'
/’ / ~
08 L / ! . . 0.8 F psi/  Ds2/ ,Ds3 - Ds4 1
l’ / I’
[ II . | I [/
— DS1 DS2gEE /DS4 — / r
Z 06 | ; i > 06 ,/ ;. i
3 | I / 3 [/ 7
A / I i A / ;
172 1 . %% /.
E 0.4 - / / i E 04 L ! |
[a W / I § [a / ’
/ 7,
I Il ; / /,'
0.2 | / 8 0.2 + - .
- J URMI: o URM3:
/o ; M/S,PCL Ay M/S, PCL
/ ! Fully Grouted =7 .
0 { AL _r” ‘ \u‘y ‘I'O}le‘ 0 Z--2 /| ‘U‘ng‘I‘OI‘lte‘d‘ ‘
50 100 150 200 50 75 100 125 150
3-Sec Gust Wind Speed (mph) 3-Sec Gust Wind Speed (mph)
EF0  EF1 EF2 EF3 EF4 EF0 EF1 EF2 EF3

Figure 3-11. School Building Fragility Curves Based on Approach A
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Figure 3-12. School Building Fragility Curves Based on Approach B

Fragility Parameters

The methodology described earlier was employed to generate tornado fragility curves for
elementary schools, middle schools, and high schools. All the school buildings were assumed to
be a one-story masonry building with flat roof and the same floor plan as shown in Figure 3-2 but
with different footprint area as presented in Table 3-10. Four different construction types were
considered to provide fragility parameters—namely reinforced masonry (with #3 bars at 6 inch
o.c.), fully grouted unreinforced masonry, partially grouted unreinforced masonry, and ungrouted
unreinforced masonry. Damage fragility parameters for school buildings are summarized in

Table 3-11.
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Table 3-10. The Properties of School Buildings

Building’s Footprint Number of Number of ... .
School Level Area (ft2) Doors Windows Additional Information
Elementary 100,000 10 60 One Multi-purpose Large
School Room
Middle School 150,000 15 75 One Gym and One
Auditorium
High School 250,000 20 100 Two Gym and One
Auditorium
Table 3-11. Fragility parameters for the school buildings
Masonry Sehool Damage States
Construction Level Approach DS1 DS2 DS3 DS4
Type R
ES A 429 0.12 456 0.11 470 0.11 5.14 0.13
Reinforced B 447 009 466 0.09 477 0.10 5.31 0.11
Masonry with A 432 0.12 455 0.11 470 0.10 5.08 0.12
Bars MS
#3 @ 6" and B 4.51 0.09 466 0.11 477 0.10 5.19 0.12
Fully Grouted S A 433 0.12 454 0.11 470 0.11 5.07 0.12
B 453 009 464 0.11 477 0.10 5.18 0.13
ES A 429 0.12 456 0.11 470 0.11 5.07 0.12
B 447 009 466 009 477 010 5.18 0.12
Unreinforced A 432 012 455 0.1 470 010 498 0.12
Masonry MS
Fully Grouted B 451 009 466 0.1 477 010 506 0.12
HS A 433  0.12 454 0.11 470 0.11 496 0.12
B 453 010 4.64 0.11 477 0.10 5.03 0.12
ES A 429 0.12 456 0.11 469 0.11 493 0.16
. B 447 009 466 009 476 0.10 5.01 0.17
Unreinforced
Masonry MS A 432 0.2 455 011 466 0.11 481 0.17
Partially B 451 009 4.66 011 475 0.11 489 0.16
Grouted
Hs A 433 0.12 454 0.11 464 0.12 476 0.16
B 453 010 464 0.11 473 0.12 483 0.16
ES A 429 0.12 456 0.11 464 0.14 482 0.23
B 447 009 466 009 473 0.13 491 0.22
Unreinforced A 432 012 455 011 459 017 469 021
Masonry MS
Ungrouted B 451 009 466 0.11 468 016 478 020
s A 433  0.12 454 0.11 454 0.19 4.63 0.21

B 453 0.10 464 0.11 463 0.18 472 0.19
A = In(median) (medians are in mph), and { = logarithmic standard deviation.
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FRAGILITY CURVES FOR COMMUNITY COMPONENTS

The tornado fragility methodology developed in this dissertation has been used in several studies
to investigate fragility curves for different types of buildings including: school buildings (Masoomi
and van de Lindt, 2016), tilt-up big-box buildings (Koliou et al., 2017), wood-frame residential
buildings (Masoomi et al., 2017a), light and heavy industrial buildings, fire stations, hospitals,
office buildings, shopping centers, strip malls, community centers, government buildings, and
mobile homes (Memari et al., 2017). Masoomi et al. (2017a) studied wind performance
enhancement strategies for five wood-frame residential building archetypes in terms of fragility
curves. They investigated nine construction product combinations for each building archetype as
performance enhancement strategies. Memari et al. (2017) developed tornado fragility curves for
19 building types to provide a minimum portfolio of fragility functions representative of the

buildings within a typical community in the United States.

In this dissertation, the residential buildings in pseudo-Norman were categorized into six types,
including: 1-story gable-roof wood-frame buildings (two sizes), 2-story hip-roof wood-frame
buildings, 2-story gable-roof wood-frame buildings (two sizes), and mobile homes. The fragility
curves for wood-frame buildings and mobile homes were provided by Masoomi et al. (2017a) and
Memari et al. (2017), respectively. Furthermore, ten building types were considered for workplace
buildings in pseudo-Norman, including: industrial buildings (two sizes) (Memari et al., 2017), tilt-
up precast concrete (i.e., big-box) buildings (two sizes) (Koliou et al., 2017), 1-story masonry
buildings (four sizes) (Memari et al., 2017), and reinforced concrete buildings (a 2-story and a 4-
story buildings) (Memari et al., 2017). Moreover, all school buildings in pseudo-Norman were
assumed to have masonry construction. High schools were considered to be a 1-story reinforced

masonry building with one auditorium and two gymnasiums, while middle schools and elementary
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schools were modeled as unreinforced masonry buildings with fully grouted and ungrouted
construction, respectively. Selection of the level of grouting and reinforcement was arbitrary and
intended to represent different design code eras. One auditorium and one gymnasium were
considered for the middle schools, while elementary schools were assumed to have only one long-

span multi-purpose area.

Lopez et al. (2009) studied vulnerability of electrical facilities under wind hazard in Mexico and
proposed wind fragility curves for a typical electrical substation and transmission tower. Although
their study was related to straight-line winds, it was implemented here to represent the performance
of the components of the EPN during a tornado. Therefore, the fragility parameters for a substation
with a design wind speed of 56 m/s (125 mph) in Lopez et al. (2009) were used in this dissertation
to represent the performance of both distribution and transmission substations for damage state 4
(DS4). In addition, DS1-DS3 for substations were assumed to have the same logarithmic standard
deviation as DS4, but with median wind speed equal to 55%, 65%, and 80% of the median for
DS4, respectively, since data for these are not yet available. Additionally, fragility parameters for
a tall tower with a design wind speed of 45 m/s (100 mph) in Lopez et al. (2009) were extracted to
be utilized in this dissertation as representative of transmission towers. Sub-transmission towers
were assumed to have a fragility curve with the same logarithmic standard deviation but with 90
percent of the median wind speed for the fragility curve of the transmission towers. One damage
state (i.e., DS4) was assumed for both transmission and sub-transmission towers in this dissertation
in that if these towers experience any structural damage as the result of a tornado, they are replaced
with a new tower. Furthermore, for the components of the WSN, the fragility parameters were

assumed in this dissertation based on post-tornado observations because of a lack of information
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on their performance in tornadoes. The fragility parameters for the community components in

pseudo-Norman are tabulated in Table 3-12.

REPAIR TIME

The occurrence of any damage state for a community component was assumed to disturb the
functionality of that component for a period of time. This non-functionality affects the
functionality of other components that are supplied by the damaged component. In order to capture
the effect of different damage states on functionality, each damage state for each community
component was linked to a corresponding repair time. Therefore, the occurrence of a greater
damage state for a component means that it takes more time to repair and, therefore, is non-

functional for a longer time period.

Table 3-13 presents repair time statistics for the community components in pseudo-Norman for
DS1 to DS4, which are based on a Weibull distribution. The repair time values for buildings,
substations, water towers, and water treatment plants were extracted from FEMA (2003) but a
Weibull distribution was fit to the corresponding normal distribution prescribed in FEMA (2003)
due to the fact that time is a non-negative variable. Moreover, the values related to DS3 and DS4
for buildings were modified from FEMA (2003) based on post-disaster site investigations and
recovery processes. In addition, the permitting time for buildings and repair time for transmission

(or sub-transmission) towers were assumed here based on past tornado observations.
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Table 3-12. Fragility parameters for the community components in pseudo-Norman

DS1 DS2 DS3 DS4
Network Component
m g m g m g m g
39.6 47.0 53.5 51.9
Small, 1-story (88.7) 0.14 (105.1) 0.12 (119.7) 0.11 (116.2) 0.15
36.6 42.9 49.9 54.6
Small, 2-story (81.9) 0.13 96.1) 0.12 (111.6) 0.11 (122.1) 0.14
Medium, 1-story 30 g3 B4 g 04 g 61644
. . - (82.7) (97.0) (112.7) (137.7)
Residential Buildings
Medium, 2-story 4L7T 013 419 gqp 46 gy 616 4y
’ (93.2) ’ (107.2) ) (122.1) ’ (137.7) ’
42.5 48.4 53.5 47.5
Large, 2-story ©95.1) 0.13 (108.3) 0.12 (119.7) 0.11 (106.2) 0.15
. 35.5 42.2 49.2 52.7
Mobile Home (79.5) 0.09 94.4) 0.09 (110.0) 0.11 (117.8) 0.12
. . 34.6 41.9 45.4 49.2
Light Industrial (77.5) 0.10 93.7) 0.09 (101.5) 0.09 (110.0) 0.09
. 40.2 45.4 60.0 71.2
Heavy Industrial (90.0) 0.10 (101.5) 0.14 (134.3) 0.10 (159.2) 0.19
. 29.1 36.6 69.4 76.7
Small Big-box (65.0) 0.08 (81.9) 0.09 (155.3) 0.11 (171.6) 0.10
. 34.1 40.9 65.4 75.9
Large Big-box (76.3) 0.09 91.4) 0.08 (146.2) 0.10 (169.9) 0.10
Small Unreinforced 31.3 44.5 52.2 69.1
Workplace Masonry (70.1) 0.09 (99.5) 0.09 (116.8) 0.09 (154.5) 0.18
Buildings Medium Unreinforced 36.4 40.7 52.2 66.4
Masonry (81.5) 0.13 (90.9) 0.11 (116.8) 0.10 (148.4) 0.21
Large Reinforced 32.6 42.7 49.2 71.2
Masonry (73.0) 0.12 (95.6) 0.11 (109.9) 0.11 (159.2) 0.12
Extra Large Reinforced  33.6 42.3 49.2 71.9
Masonry (75.2) 0.12 (94.6) 0.11 (109.9) 0.10 (160.8) 0.12
2-story Reinforced 32.3 40.7 48.2 57.7
Concrete (72.2) 0.08 (90.9) 0.09 (107.8) 0.08 (129.0) 0.11
4-story Reinforced 41.1 45.8 65.0 77.1
Concrete (91.8) 0.13 (102.5) 0.09 (145.5) 0.08 (172.5) 0.08
. 41.5 46.3 52.7 79.4
High School 92.8) 0.09 (103.5) 0.11 (117.9) 0.10 (177.7) 0.13
School . 40.6 47.2 52.7 70.4
Network Middle School (90.9) 0.09 (105.6) 0.11 (117.9) 0.10 (157.6) 0.12
39.1 47.2 50.6 60.6
Elementary School (87.4) 0.09 (105.6) 0.09 (113.3) 0.13 (135.6) 0.22
Transmission
Substation and 34000 33 gp0 486 gpp 608 59
. Distribution Substation (74.8) (88.4) (108.8) (136.0)
Electric Power 60.8
Network Transmission Tower - - - - - - (13 6 0) 0.12
. 55.9
Sub-transmission Tower - - - - - - (125.0) 0.12
34.4 40.7 50.1 62.6
Water Supply Water Tower a0 " oue OB e OB w0 O
Network 36.9 43.6 53.6 67.1
Water Treatment Plant (82.5) 0.15 ©97.5) 0.15 (120.0) 0.15 (150.0) 0.15

m: median, &: log-std. Medians are in m/s along with mph values in parentheses.
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Table 3-13. Repair time statistics for community components in pseudo-Norman

L DS1 DS2 DS3 DS4
Network Component/Description
m COV m COV m COV m COV
) ) o Repair Time 5 02 20 02 90 02 180 0.2
Residential Buildings . .
Permitting Time 2 0.5 7 0.5 14 05 30 05
Workplace Repair Time 5 02 20 02 9 05 180 05
Buildings Permitting Time 2 05 5 05 10 05 30 05
School Repair Time 5 02 20 02 180 02 730 0.2
Buildings Permitting Time 2 05 10 05 30 05 30 05
Transmission Substation and

Electric Power Distribution Substation : 0.5 3 05 7 0.5 3005
Network Transmission Tower - - - - - 2 0.5
Sub-transmission Tower - - - - - - 1 0.5
Water Supply Water Tower 1.2 035 34 07 104 07 165 0.7
Network Water Treatment Plant 09 035 19 06 36 07 98 0.6

m: mean (days).
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CHAPTER 4: HAZARD MODELING AND SPATIAL DAMAGE SIMULATION

HAZARD MODELING—TORNADO PATH SIMULATION

The Enhanced Fujita (EF) scale rates the intensity of a tornado based on the degree of damage
(DOD) observed following the event. The EF scale was introduced and implemented in 2007 in
order to cope with an inconsistent rating of tornadoes when the Fujita (F) scale was used. The F
scale had limitations such as a lack of damage indicators (DI) and neglecting construction quality
and variability (McDonald and Mehta, 2006). Based on the EF scale, tornadoes are categorized
into six categories ranging from EF0, minor or no damage, to EF5, which is the total destruction
of buildings. Although a tornado is rated as one category, e.g., EF3, there are variations of its
intensity along both the path width and length. Usually, the intensity of a tornado increases
following its touchdown point as it moves through its path, and at some point the intensity starts
decreasing until the tornado dissipates at its end point. Based on the observations of damage during
past tornadoes, tornado intensity is frequently the highest at the center and gradually decreases
along its width perpendicularly outward from the tornado centerline (Reinhold and Ellingwood,
1982). This is consistent with a Rankine vortex model and the tornado damage contours developed
from the Tuscaloosa and Joplin tornado investigations. Therefore, each tornado given a particular
EF rating includes all the lower EF intensities in addition to the main EF intensity at different
spatial regions within its path (e.g., an EF4 tornado includes five sub-EF intensities ranging from
EFO to EF4). Considering these features, Standohar-Alfano and van de Lindt (2014) proposed the
gradient method to simulate a tornado path. This method, as shown in Figure 4-1, models the
highest intensity at the center and gradually decreases the intensity outward by idealizing a tornado

path as a long rectangle which is occupied with several sub-rectangles corresponding to each sub-
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EF intensity. However, a tornado path can have any shape (not necessarily a straight line) between
its start (touchdown) and end (lift-off) points with different width at any point along its path.
Because no two tornadoes will have the same wind field and subsequent damage path, an idealized

version was found reasonable for implementation in this dissertation.

EF5 Tornado Path EF4 Tornado Path
EF5 [ EF4
EF4 EF3
| — -
EF1
|| E;(]) M EFo

EF3 Tornado Path EF2 Tornado Path
EF3 EF2
EF2 -

EF1

B | ER

EF1 Tornado Path EFO0 Tornado Path

Figure 4-1. Tornado path simulation using the gradient method

Using the gradient method for simulating tornado paths in probabilistic studies requires statistics
for tornado path length and width. Past tornado data is available from the Storm Prediction Center
(SPC), and includes tornado properties such as the intensity of the tornado, and the path length and
width as well as additional information. The length is defined as the closest distance (straight line)
between the touchdown point and where the tornado lifts off. The width is measured at the widest
point along a tornado path and is assumed to be constant along the entire path. Brooks (2004)
studied the statistics of tornado path length and width and found that the Weibull distribution
provides a good fit to the path lengths and widths of reported tornadoes in the SPC database from
1950 to 2001. The Weibull distribution parameters for tornado path width and length were updated
here based on the reported tornadoes in SPC database until 2014. Although data on tornadoes have
been collected from 1950 to present, the Fujita scale was first developed and implemented in 1973.

Therefore, a dataset including only tornadoes from 1973 to 2014 was used here to estimate the
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statistics for tornado path length and width. As shown in Figure 4-2, a Weibull distribution can be
used to statistically represent tornado path length and width. Moreover, it is noted that considering
a correlation between tornado path length and width was suggested in this dissertation based on
the analysis of the SPC database. Statistics for tornado width and length as well as their correlation

coefficient are presented in Table 4-1 for each EF scale.

Tornado Path Length (km) Tornado Path Width (m)
| 0 274 549 823 1097 1372 1646
o - s = TO o A
0.8
= s 00
v \Y
= = ——EF0
A~ o 04 —=—FEF1|
——EFR2
—— EF3
0.2 _
f —— EF4
—=— EF5
g . . . . . 0 ’ . . . . | . .
0 10 20 30 40 50 0 300 600 900 1200 1500 1800
Tornado Path Length (mile) Tornado Path Width (yard)
(a) (b)

Figure 4-2. Empirical (dots) and fitted Weibull cumulative distribution for (a) tornado path
length, and (b) tornado path width

Table 4-1. Distribution parameters for tornado path length and width
Marginal Weibull Parameters

EF Length, km (mile) Width, km (mile) Correlation

Scale Scale Parameter =~ Shape Parameter =~ Scale Parameter =~ Shape Parameter Coefficient
A) B) @A) B)

EFO 1.155 (0.718) 0.675 0.041 (0.025) 1.043 0.225
EF1 4.299 (2.671) 0.727 0.093 (0.058) 0.943 0.250
EF2 10.484 (6.514) 0.796 0.188 (0.117) 0.912 0.253
EF3 25.533 (15.865) 1.031 0.420 (0.261) 1.004 0.180
EF4 43.448 (26.997) 1.117 0.703 (0.437) 1.150 0.307
EF5 61.274 (38.074) 1.291 0.921 (0.572) 1.423 0.367
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Although the National Weather Service (NWS) surveys include the tornado rating, path length,
maximum path width, touchdown and lift-off points; they do not typically report details regarding
the variation of intensity along the path width and length. Therefore, there is not enough data to
obtain comprehensive statistics for the gradient of tornado intensity along its path length and width.
However, Standohar-Alfano and van de Lindt (2014) used the damage surveys after the tornadoes
on April 27, 2011, Tuscaloosa, Alabama, and on May 22, 2011, Joplin, Missouri, to estimate the
percentage of width for each intensity along path width. Moreover, the detailed survey after the
April 3-4, 1974, super outbreak and other significant outbreaks of the time was used to estimate
the percentage of each intensity along tornado length (Schaefer et al., 1986; Standohar-Alfano and
van de Lindt, 2014). These deterministic values for variation of intensity along width and length
of tornado paths are presented in Table 4-2, which are used for the width and length of sub-

rectangles in Figure 4-1 as the percentage of the total width and length of tornado path.
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Table 4-2. The percentage of width and length corresponding to each sub-EF scale (Data from
Standohar-Alfano and van de Lindt, 2014)
EF Category Width Percentage Length Percentage
EF5 Tornado Path

EF5 27.3 14.9
EF4 19.9 18.5
EF3 13.6 24.2
EF2 13.8 18.9
EF1 12.7 10.3
EFO 12.7 13.2
Total 100 100
EF4 Tornado Path
EF4 27.3 21.2
EF3 18.7 21.0
EF2 19.0 27.8
EF1 17.5 15.8
EFO0 17.5 14.2
Total 100 100
EF3 Tornado Path
EF3 33.8 32.1
EF2 20.2 31.8
EF1 26.2 24.4
EFO 19.8 11.7
Total 100 100
EF2 Tornado Path
EF2 47.5 36.7
EF1 314 35.2
EFO0 21.1 28.1
Total 100 100
EF1 Tornado Path
EF1 62.5 42.6
EFO0 37.5 57.4
Total 100 100

Therefore, the parameters that are needed to simulate a tornado path based on the gradient method
are the tornado path direction, length, width, and the coordinate of its center point. Depending on
the type of study being conducted, each of these parameters can be considered either as a random
variable or as deterministic. For the analyses in this dissertation, the tornado path direction was
considered as a random variable with uniform distribution between 0 and m. Moreover, it was
assumed that all the simulated tornado paths have a center point located randomly in the predefined
boundary of pseudo-Norman (i.e., the area of 14.5 km by 12.9 km that was used to define the

model of pseudo-Norman). Additionally, since the tornado path length and width are correlated
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random variables with known marginal distributions, the Gaussian copula model (Haas, 1999;
Limbourg et al., 2007) was utilized for generating the correlated random deviates for tornado path
length and width based on the parameters provided in Table 4-1. In order to generate correlated
random deviates X1 and X> with arbitrary and possibly different marginal distributions (with the

CDF of Q; and €),), and with correlation coefficient p; the following three-step transformation is

used:
L p .
Z=[Z,Z,]~ N|[0,0], | Equation 4-1
Yo,
U=[U,U,]=[D(Z),D(Z,)] Equation 4-2
X =[X,,X,]1=[Q,'(U)), ;' (U,)] Equation 4-3

where Z; and Z are two correlated random deviates generated from a bivariate normal distribution,
and @ is the standard normal cumulative distribution function (CDF). Finally, a simulated EF4

tornado path that strikes pseudo-Norman is shown in Figure 4-3 as an example.
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Figure 4-3. Schematic of an EF4 tornado path through pseudo-Norman
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EF4

HAZARD-INDUCED SPATIAL DAMAGE SIMULATION
After simulating the tornado path, the community components that are located within the path
(termed in-path components hereafter) are identified along with the associated EF intensity acting

on them. According to the location of each in-path component in the tornado path, as shown in
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Figure 4-4, a wind speed is assigned to the component, which is associated with the EF intensity
acting on the component. Although a deterministic wind speed (i.e., the mean value of the wind
speed range for each EF scale) was used in this dissertation to be representative of each EF
intensity, a random wind speed can be utilized for each EF intensity by introducing a uniform
distribution (or other relevant distributions) on the wind speed ranges presented in Table 4-3 for
EF scales. Although a tornado path might cover a large number of components through a
community, all the in-path components do not necessarily experience damage. The damage level
for each community component was classified into five categories, namely, no damage, DS1, DS2,
DS3, and DS4. Therefore, statistically, for each tornado path, there are numerous possible

scenarios for the damage distribution over the area of the community covered by the tornado path.

V=N/A
]
V =123 mph (55 m/s)
|

EF0 V=75 mph (34 m/s)
|

V= 9.8 mph (44 m/s)

V= 120 mph (67 m/s)

V=123 mph (55 m/s)
u V=175 mph (34 m/s)
[

Figure 4-4. The in-path components and the corresponding tornado intensities acting on them
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Table 4-3. The range of wind speed for each EF scale and the corresponding mean values

EF Scale

3-Sec Gust Wind Speed, m/s (mph)

Wind Speed Range
(McDonald and Mehta, 2006)

Mean Value

EF0
EF1
EF2
EF3
EF4
EF5

29-38 (65-85)
39-49 (86-110)
50-60 (111-135)
61-74 (136-165)
75-89 (166-200)
>89 (>200)

34 (75)
44 (98)
55 (123)
67 (150)
82 (183)
101 (225)

In order to simulate a spatial damage scenario for the community components, random deviates
generated based on the standard uniform distribution, R, were assigned to each in-path component
and were compared to the probabilities for DS1 to DS4 of the component at the assigned wind
speed to the component (the component’s fragility curves). As shown in Figure 4-5, if R is less

than Ppss, the component is in DS4 level; if R is between Ppss and Pps3, it is in DS3; if R is between

Pps3 and Ppsa, it is in DS2; if R is between Pps2 and Ppsi, it is in DS1; and the component is safe

“

if R is greater than Pps;.
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Figure 4-5. Regions corresponding to each damage state for defining damage level for each in-
path component
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CHAPTER 5: COMMUNITY RESTORATION ANALYSIS!

INTRODUCTION

A community as a complex system includes highly coupled networks. Any malfunction in a
network or its components can result in a cascading failure, which, in turn, can cause a loss of
functionality in all or part of the community. For example, the Northeast blackout of 2003 was a
widespread power outage which affected about 50 million people in eight U.S. states and two
Canadian provinces (Farmer and Allen, 2006) but originated as a point source. Therefore, in
addition to the assessment of direct losses (i.e., injuries, fatalities, and property damages), indirect
losses as a consequence of cascading failures (i.e., negative economic and social consequences)
are key problems that need to be studied to enhance community resilience. Several studies have
investigated cascading failures as a result of damage to infrastructure systems in the aftermath of
disasters (e.g., Argyroudis et al., 2015; Dong and Frangopol, 2017; Javanbakht and Mohagheghi,
2014; Ouyang and Dueiias-Osorio, 2014; Scherb et al., 2015; Zhang et al., 2016). However, the
extent of the time interval in which these failures remain within the community has a significant
importance on the amount of indirect losses, which can be quantified by modeling the community

restoration analysis.

Ouyang et al. (2012) studied the performance of an electric power network under random hazards
and hurricane hazards. They investigated several resilience-improvement strategies by considering
the effect of different numbers of recovery resource units on the restoration process.

Ramachandran et al. (2015) investigated the community restoration time by accounting for the

! This section is based on the paper: Masoomi, H., & van de Lindt, J. W. (2018). Restoration and functionality
assessment of a community subjected to tornado hazard. Structure and Infrastructure Engineering, 14(3), 275-291.
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repair time and priorities for all components within transportation, electricity, communication, and
water networks. However, they did not provide any information regarding the return to
functionality during the restoration process. Cagnan and Davidson (2004) summarized the
previous lifeline restoration models into two empirically based approaches, namely statistical
curve fitting and deterministic resource constraint, as well as two theoretical approaches, namely
Markov processes and network models. They also proposed the discrete event simulation (DES)
method, a simulation-based model for post-disaster restoration process, which was built based on
previous studies yet overcomes several limitations thereof. The method enables consideration of
rules, constraints, and decisions from utility companies for restoration process such as recovery
prioritization plans, mutual aid agreements, and number of available repair crews and materials.
Moreover, uncertainties associated with the parameters such as inspection time, repair time, and
amount of available resources are taken into account by defining these parameters as random
variables with specified probability distributions. Cagnan and Davidson (2007) employed the DES
approach to simulate the post-earthquake restoration process for the electric power system of the
Los Angeles Department of Water and Power (LADWP) and simulated the restoration curve for
the Northridge earthquake. Cagnan et al. (2006) utilized the DES approach and investigated several
restoration improvement strategies to boost the seismic resilience of the LADWP electric power
system. Moreover, Tabucchi et al. (2010) applied the DES method to the water supply system of
the LADWP to simulate the restoration curve and spatial distribution of the restoration in the

Northridge earthquake.

In this dissertation, the DES approach was extended and implemented to pseudo-Norman, a
community built up of highly coupled networks that were modeled with the network based

approach after Norman, Oklahoma. Therefore, spatial and temporal depiction of the restoration
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process can be easily achieved such that one can generate/estimate restoration curve/time for each
region of the community besides developing/estimating only one curve/time for the entire
community or network. Using the network based approach along with the DES approach enables
consideration of the effect of cascading failures in the analysis such that if a component has been
repaired physically or has no damage, it remains non-functional until all its suppliers are recovered
and functional. Moreover, it allows taking into account dependencies as well as priorities among
networks and network components. It is noted that several studies have been done to optimize
post-disaster restoration strategies (e.g., Bocchini and Frangopol 2010; Gonzélez et al., 2016;
Noda, 1993; Nozhati et al., 2018a and 2018b; Sarkale et al., 2018; Wang et al., 2004; Xu et al.,
2007). However, optimization of restoration strategies is outside of the scope of this dissertation

and only the restoration process was discussed here in detail.

INITIATION TIME

Following a tornado, some preliminary tasks including search and rescue, cleanup of the debris on
roadways, rapid field inspections, and infrastructure damage assessment are necessary before
community restoration begins. Therefore, an initiation time was defined in this dissertation as a
random variable with a Weibull distribution. The statistics for initiation time are presented in
Table 5-1. It is recognized that the initiation time varies significantly, and the values herein are

based on the experience with post-disaster site investigations.

Table 5-1. Statistics for initiation time
EF Scale EF0 EFl1 EF2 EF3 EF4 EF5
mean (days) 02 04 08 15 20 3.0
COov 05 05 05 05 05 05
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COMMUNITY RESTORATION METHODOLOGY

Monte Carlo simulation was conducted in this dissertation to investigate the restoration and
resilience analyses for pseudo-Norman. The analyses were performed for each EF-scale tornado
with 10,000 runs. The fundamental steps for the analyses are summarized in Figure 5-1. After
simulating a tornado path and the resulting spatial damage, the intrinsic failure status is available
for all community components. The intrinsic failure event, Fi;, for a component, is defined as its
failure based on its own physical damage experienced under a simulated tornado; which is
considered, in this dissertation, to be either failed (i.e., O for the components with damage level of
DS1, DS2, DS3, or DS4) or not-failed (i.e., 1 for the components without damage). Moreover, in
order to capture the effect of different damage levels on the analyses, a repair and permitting time
was assigned to each damaged component based on its damage level and the statistics provided in
Table 3-13. The occurrence of a greater damage state for a component means it takes longer to be

repaired and, therefore, will be non-functional for a longer period of time.

Using the intrinsic failure status of all the community components as well as their dependencies
and cross-dependencies, the extrinsic failure status and, subsequently, functionality failure status
are found for each community component. The extrinsic failure event, Fey, for a component, is
defined as its failure that results when interacting components outside of the component are
considered either within its own network or other networks in the community. The functionality
failure event, Ffu, for a component, is the union of the intrinsic and extrinsic failure events for that

component, which can be expressed as:

F,.=F, JUF, Equation 5-1

int ext
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Once the functionality failure status of all community components are known, a specified
performance index at a network level or at the community level can be assessed. As will be
discussed later, the restoration process is illustrated by updating the specified performance index
over the time steps after the tornado hits the community until the full restoration of the community
is achieved. In the restoration analysis in this dissertation, it was assumed that the recovery process
of all networks are started simultaneously immediately after the initiation time. This assumption
was logical in that each network has its own crews for inspection, assessment, and repair. Although
recovery priority was not considered across networks, there might be some recovery priority within
each network. Recall that since the networks are coupled, even if a component has been repaired
physically or has no damage, it remains non-functional until all its suppliers are recovered and

functional.
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Figure 5-1. Flowchart for the restoration analysis

ELECTRIC POWER NETWORK

The electric power network (EPN) plays a substantial role in the vitality of a community in that
the functionality of all other networks depend on the availability of electric power. Many critical
facilities such as hospitals and police stations do have generators, but this particular sub-
component of EPN was neglected in the analyses of this dissertation. The EPN in pseudo-Norman
has underground distribution lines (as opposed to real Norman, Oklahoma) which were assumed
to be undamaged from a tornado. Therefore, in this dissertation, the electric power distribution

substations (DSS) were considered as the supplier nodes (in the EPN) for the demand nodes of
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other networks. This means that the functionality failure status of a DSS dictates the extrinsic
failure status of its demand nodes. The extrinsic failure status and functionality failure status of
each DSS was investigated by considering the dependency among the EPN components. An
adjacency matrix was used to find all the paths that transfer electricity to each DSS. The extrinsic
failure status is O for a DSS if every path that feeds the DSS has at least one failed component,

otherwise, the status is 1, which can be expressed mathematically as:

n
DSS; __ rDSS; DSS; __ 1~DSS; path; .
Fﬁlc - F:'nt o F;xt - F;Ill U‘:p—] Ff'lc ’ :| Equatlon 5-2
DsS, DSS, DSS; . . L. .. )
where F, ™, F, >, and F, > are the functionality, intrinsic, and extrinsic failure events for the

distribution substation i, respectively; and F ﬁlpﬁth" is the functionality failure event of the path j that

provides electricity for the DSS;.

In this dissertation, a recovery priority rule as well as a constraint for available recovery resource
units were considered for the restoration process of the EPN. Recovery priority, in the EPN, was
considered such that the distribution substation with the higher demand has to be recovered first.
Since there are redundancies in providing electricity for some DSSs, the recovery time for all the
paths to a DSS were calculated and the path with the shortest recovery time was selected to be
recovered first. The path recovery took place from the source (i.e., transmission towers in this
dissertation) to the distribution substation. In other words, in a path, the priority sequence was:
transmission towers, transmission substations, sub-transmission towers, and distribution
substation. The flowchart for creating the recovery sequence list for the EPN is shown in
Figure 5-1. Furthermore, a number of available recovery resource units, 7, as generic work teams

including repair crews, equipment, and replacement components; was considered for assignment
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to damaged components for the restoration process (Ouyang et al., 2012). Repairing of each
damaged component was assumed to need only one recovery resource unit. During the restoration
process, the available resource units are assigned sequentially to the damaged components in the
recovery sequence list. When a component is repaired, the released resource unit will move to the
next damaged component in the sequence list until the whole network is restored. The restoration

process is summarized in Figure 5-1.

As mentioned before, the analyses in this dissertation were done for each EF-scale tornado by
considering the uncertainties in tornado path direction, width, length, and location of the path
center. Table 5-2 presents the mean functionality time (i.e., the time at which a component regains
its functionality) computed for each distribution substation after an EF3/EF4/EF5 tornado hits
pseudo-Norman by considering different numbers of recovery resource units. For example, after
an EF5 tornado, DSS #13 will be operational after 36.6 days, on average, if only one recovery
resource unit is available (i.e., r = 1). However, increasing r to five units significantly decreases
the functionality time for this DSS to 10.6 days. Using additional resources may not considerably
reduce the functionality time (8.4 days for r = 10 and 7.6 days for r = 15) because, for example,
one of the damaged components may have a much higher repair time or the number of damaged

components could be less than r.

76



Table 5-2. Mean functionality time (days) for each distribution substation for different numbers
of recovery resource units (EF3-EF)5)

EF3 EF4 EF5

DSS#
r=1 r=5 r=10 r=15ir=1 r=5 r=10 r=15ir=1 r=5 r=10 r=15
1 1.3 0.6 0.5 0.5 4.5 1.5 1.2 1.2 9.3 2.8 2.3 2.2
2 1.9 0.8 0.8 0.7 5.8 2.2 1.9 1.8 109 4.0 34 3.3
3 3.1 1.2 1.1 1.0 9.3 3.1 2.6 2.4 172 5.5 4.4 4.1
4 1.8 1.3 1.3 1.3 5.1 3.4 3.2 3.1 9.5 5.7 5.4 5.4
5 1.2 0.9 0.9 0.9 3.5 2.3 2.2 2.2 6.6 4.1 3.9 3.9
6 34 1.3 1.1 1.1 11.5 3.7 2.9 2.7 219 6.5 5.2 4.7
7 4.7 1.9 1.6 1.5 13.6 44 3.7 3.4 250 7.8 6.2 5.8
8 1.8 1.0 0.9 0.9 5.0 2.3 2.0 2.0 10.0 4.1 3.7 3.5
9 2.7 1.5 1.4 1.3 7.3 33 3.0 2.9 140 59 5.4 5.1

10 3.0 1.9 1.9 1.9 79 4.6 4.2 4.2 143 7.8 7.3 7.2
11 1.6 0.7 0.6 0.6 59 23 1.7 1.6 11.0 43 33 3.0
12 4.0 1.2 1.0 0.9 14.0 3.6 2.5 22 1269 638 4.8 4.2
13 69 25 22 2.0 19.6 6.0 4.9 46 (366 106 8.4 7.6
14 1.7 0.6 0.5 0.5 6.6 1.9 1.5 1.4 143 4.1 3.1 2.8
15 27 07 0.5 0.5 11.4 2.6 1.8 1.5 {246 5.7 3.9 33
16 3.1 0.8 0.7 0.6 12.1 29 2.1 1.8 {248 6.0 4.3 3.7
17 20 0.6 0.4 0.4 86 2.1 1.5 1.3 17.3 43 3.1 2.7
18 23 0.6 0.5 0.5 94 24 1.7 1.5 18.9 4.7 3.4 3.0

A performance index was defined for the EPN as the percentage of the community demand being
supplied by the EPN. In order to illustrate the progress of restoration, the performance index was
updated after each step when a damaged component was repaired. The mean restoration curve for
the EPN (i.e., the mean value of the performance index following the event) is shown in Figure 5-2
(a) for each EF-scale tornado under the condition that only five recovery resource units are
available. In order to shed light on the extent of uncertainty in the restoration curves, the 5th 25t
50" (i.e., median), 75", and 95"-percentile restoration curves are shown along with the mean curve
for EFS5 tornadoes in Figure 5-2 (b). When a tornado strikes pseudo-Norman, it may strike a
populated area of the town or an undeveloped part of it, which is a source of uncertainty that stems
from the unpredictability of the tornado path center, direction, length, and width. Moreover, there

exist other significant uncertainties in the analyses such as uncertainties in the resulting damage to
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the components as well as the uncertainties in the repair time for the damaged components. As
shown in Figure 5-2 (b), after an EF5 tornado hits pseudo-Norman, the mean performance of the
EPN is 49%, while the 5, 25", 50, 75" and 95"-percentile of the EPN performance are equal to
0, 15, 45, 76, and 100 percent, respectively. After two weeks of recovery, the mean EPN
performance increases to 89%, while the 5%, 25% 50" 75" and 95%-percentile of the EPN

performance are equal to 39, 82, 100, 100, and 100 percent, respectively.
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Figure 5-2. (a) Mean restoration curves for the EPN after each EF-scale tornado and (b) the
uncertainty in the EF5 restoration curves

Moreover, in order to indicate the effects of using different numbers of recovery resource units,
the restoration curves were plotted for EF4 and EF5 tornadoes (as examples) when one, five, ten,
and fifteen recovery resource units are available, and are shown in Figure 5-3. After an EF5
tornado, 51% of pseudo-Norman, on average, would not have electric power. One week after the
event, 60% of the community (on average) would have the electric power available if only one

recovery resource unit was available, while it would be 76%, 81%, and 83% if five, ten, and fifteen
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resource units are available, respectively. After one month, the mean performance of the EPN
increases to 84% if only one resource unit is available, while it would be 95% for each of the five,
ten, and fifteen available resource units. Five available recovery resource units (i.e., r = 5) were

considered for the restoration of the EPN in the remained of analyses in this dissertation.
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Figure 5-3. Mean restoration curves for the EPN for different numbers of available recovery
resource units, r: (a) for EF4 tornado and (b) for EF5 tornado

With the purpose of examining the EPN-related business disruption in the wake of a tornado, the
number of employees, who cannot work because of a lack of electric power at their workplaces,
was calculated and updated in every step of the restoration. In addition, an EPN-related social
disruption was defined as the number of residential buildings that are without electric power in the
aftermath of a tornado. Figure 5-4 shows these surrogate measures of business disruption and
social disruption for all EF-scale tornadoes. For example, the loss of electric power, after an EF5

tornado, affects 28,000 employees (out of 53,890) and 31,000 residential buildings (out of 41,254),
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on average. Having five available recovery resource units, 3,160 employees and 2,290 residential

buildings, on average, are still affected after one month by the loss of electric power.
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Figure 5-4. (a) Mean business disruption curves and (b) mean social disruption curves caused
by the loss of electric power after each EF-scale tornado

WATER SUPPLY NETWORK

In the water supply network (WSN), the water towers (WT) are the supplier nodes for the demand
nodes of other networks. Each WT has a pumping station that links the WT to a supplier node in
the EPN (i.e., a DSS). Moreover, the WTs were assumed to lose their functionality if the water
treatment plant (WTP) becomes non-functional. Therefore, based on the intrinsic failure status of
the components in the WSN and the functionality failure status of DSSs, the functionality failure

status for a WT is found by:

F,“ZLT — " G F" = pVT U(Fﬁ‘:fp U FPSSi ) — F" U(E.MZ/TP UFWP)UFJSSS’ Equation 5-3

int ext int fnc int n ext

where F ﬁvf , F" and F ZT are the functionality, intrinsic, and extrinsic failure events for the

int e

WTP
F;'nt ’

and F""

ext

water tower i, respectively; and F;,IVL,TP, are the functionality, intrinsic, and
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extrinsic failure events for the water treatment plant, respectively. F"'" is equivalent to the

ext

functionality failure event for the DSS that feeds the WTP, and F ﬁlDfS" is the functionality failure

event for the distribution substation that feeds WT;.

In this dissertation, the only vulnerable components considered for the WSN were the six water
towers and one water treatment plant. Therefore, it was assumed that there are enough available
recovery resource units for the WSN to start repairing the damaged components at the same time.
In other words, in order to restore the WSN, the same process that was used for the restoration of
the EPN (i.e., Figure 5-1) was performed here except that there were no constraints for the
available recovery resource units (i.e., infinite number of available recovery resource units) and,
therefore, no recovery priority for the restoration of the WSN. In addition, it should be noted that
there exist portable water treatment systems for WSNs but these were neglected in the analyses in

this dissertation.

A performance index was defined here for the WSN as the percentage of the community demand
being supplied by the network. In order to illustrate the progress of restoration, the performance
index was updated when a damaged component was repaired or when a DSS that feeds the
pumping station of a WT became functional. The mean restoration curve for the WSN is shown in
Figure 5-5 (a) for each EF-scale tornado. For example, after an EF5 tornado, 64% of pseudo-
Norman, on average, would not be supplied by the WSN. After 14, 30, and 60 days of recovery
following the event, the mean performance of the WSN is returned to 82, 90, and 95 percent,
respectively. Moreover, in order to elucidate the effect of the cross-dependencies among networks
on the WSN mean restoration curve (ie., the effect of the EPN performance loss on the

performance of the WSN), the intrinsic and extrinsic performance loss were distinguished for the
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mean restoration curve of the EF5 tornado and are shown in Figure 5-5 (b). The intrinsic
performance loss is the loss of performance in the WSN that resulted from the intrinsic failure of
the components within the WSN, while the extrinsic performance loss is that which resulted from
the extrinsic failure of the components. As shown in Figure 5-5 (b), the majority of the performance
loss in the WSN immediately after an EF5 tornado is due to the extrinsic failures (i.e., the loss of
performance in the EPN). However, the intrinsic failures last longer such that the contribution of
the intrinsic and extrinsic failures are approximately equal in the performance loss of the WSN
during the full restoration (i.e., 48% vs 52%). This is because the components in the WSN require

a significantly longer duration to be repaired compared to the components in the EPN (see

Table 3-13).
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Figure 5-5. (a) Mean restoration curves for the WSN after each EF-scale tornado and (b) the
effect of cross-dependencies on the WSN mean restoration curve after an EF5 tornado

WSN-related business and social disruptions were defined the same as the EPN-related disruptions

but as a consequence of the performance loss of the WSN following a tornado. WSN-related

business and social disruption curves are plotted in Figure 5-6. For example, after an EFS tornado,
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34,250 employees (out of 53,890) and 26,180 residential buildings (out of 41,254), on average, are
affected by a lack of performance in the WSN. After two weeks of recovery, the network regains
82 percent of its performance, on average, which reduces the mean number of affected employees

and residential buildings to 9,530 and 7,270, respectively.
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Figure 5-6. (a) Mean business disruption curves and (b) mean social disruption curves caused
by the loss of water after each EF-scale tornado

SCHOOL NETWORK

The functionality of a school building (SB) was modeled to be a function of its own physical
performance as well as the availability of both water and electric power. Electric power was
provided for a component by one specific distribution substation (DSS). However, it was assumed
that the water can be supplied to a component by one or more water towers, 1.e., there might be
some level of redundancy. The pressure in pipelines was not considered in the determination of
availability of water for a component. It was assumed that the water demand for a component is
not satisfied only under the condition that all water towers that are capable of supplying the
component become non-functional. Therefore, the functionality failure status for a SB can be

mathematically shown as:
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. . -
int ext int fnc k=1

k=n
F& —F% UF% = ;% uFDSSf u(m FﬁVi’Lﬂj Equation 5-4

where F,., F3*, and F’* are the functionality, intrinsic, and extrinsic failure events for the

int °
school building i, respectively; the FﬁlDfsf is the functionality failure event for the distribution

substation that feeds the SB;; and F V,Z.T" is the functionality failure event for the n water towers that

provide water for the SB..

A performance index was defined for the school network (SN) as the percentage of the students in
pseudo-Norman that can be served by the SN. There was no constraint for the available recovery
resource units (i.e., infinite number of available recovery resource units) in the restoration analysis
of the SN because the possible number of damaged schools following a tornado was not high. In
order to illustrate the progress of restoration, the performance index was updated when a damaged
school was repaired or when water became available for a school or when a DSS that feeds a school
became functional. The mean restoration curve for the SN is shown in Figure 5-7 (a) for each EF-
scale tornado. For example, after an EF5 tornado, 69% of the students in pseudo-Norman, on
average, would not be able to attend school. After 14, 30, and 60 days of recovery following the
event, the mean performance of the SN is returned to 77, 85, and 92 percent, respectively. In order
to illustrate the effect of the cross-dependencies among networks on the SN mean restoration curve
(i.e., the effect of performance loss in the EPN and WSN on the performance of the SN), the
intrinsic and extrinsic performance losses were distinguished for the mean restoration curve of the
EFS5 tornado and are shown in Figure 5-7 (b). Although the majority of the performance loss in the
SN immediately after an EFS tornado is due to the extrinsic failures (i.e., the loss of performance

in the EPN and WSN), the intrinsic failures have a longer duration such that the contribution of
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the intrinsic and extrinsic failures are 70% and 30%, respectively, in the performance loss of the

SN during the full restoration.

Similar to the EPN and WSN, the SN-related social disruption was measured as the number of
affected students, which are plotted in Figure 5-8 as a function of time following an event. Recall
that an affected student is defined here as a student whose school is non-functional. Furthermore,
it is noted that the percentage of the affected students in each residential grid, Ps(¢,RG;), was
calculated and recorded during the restoration process in order to be used in the population

outmigration analysis presented in Chapter 6.
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Figure 5-7. (a) Mean restoration curves for the SN after each EF-scale tornado and (b) the effect
of cross-dependencies on the SN mean restoration curve after an EF5 tornado
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RESIDENTIAL SECTOR

The functionality of a residential building (RB) was defined in a similar way to that of a school
building which was expressed mathematically in Equation 5-4. A community-level performance
index was defined for the residential sector (RS) as the percentage of the residential buildings in
pseudo-Norman that are functional. As mentioned before, pseudo-Norman has 41,254 residential
buildings among which 37,785 buildings are occupied and the rest are unoccupied. Although a
constraint was assumed for the available recovery resource units in the restoration of the RS, there
was no recovery priority designated except that the unoccupied buildings are repaired after
repairing all occupied buildings. In other words, the recovery resource units were assigned
randomly to the damaged RBs (first occupied RBs and then unoccupied RBs). The performance
index was assessed for both occupied and unoccupied RBs in the residential sector during the
community restoration process and the mean restoration curves are shown in Figure 5-9 (a) for

occupied RBs by using 250 available recovery resource units, r. For example, after an EF5 tornado,
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on average, 70% of the occupied residential buildings in pseudo-Norman are non-functional.
However, as shown in Figure 5-9 (b), only 5% of them are resulted from intrinsic failures (i.e.,
physical damage to RBs) and the rest 65% are non-functional due to the loss of utilities (i.e., the
loss of water and electric power). After one month of recovery, 16% of the occupied RBs are still
non-functional among which 5% (as it was at the beginning of recovery) are due to intrinsic failures
and the rest are the result of extrinsic failures. Although the majority of the performance loss in
the RS immediately after an EF5 tornado is due to the extrinsic failures (i.e., the loss of
performance in the EPN and WSN), the intrinsic failures last longer (because of the longer repair
time as shown in Table 3-13) such that the contribution of the intrinsic and extrinsic failures are

87% and 13%, respectively, in the performance loss of the RS during the full restoration.

The effects of using different values of r on the restoration process is shown in Figure 5-10 (a) for
the restoration of the RS after an EF5 tornado. Since the early stage of the restoration process here
is dominated by the extrinsic failures and the damaged RBs need a long repair time, using higher
r values does not significantly affect the early stage of the restoration (e.g., first two months).
Therefore, the intrinsic mean restoration curves are shown in Figure 5-10 (b) to illustrate additional
details related to the effects of using different r values on the restoration curve. It is also worth
mentioning that the majority of the damaged residential buildings following an EF5 tornado are in
damage state 4. After an EF5 tornado, 5.4% of the RBs, on average, are damaged among which
0.5, 0.4, 0.4, 4.1% are in DS1 to DS4, respectively. For the restoration of RS in the remaining
analyses presented in this dissertation 250 available recovery resource units were considered.
Furthermore, the percentage of affected (i.e., non-functional) occupied residential buildings were
calculated and recorded for each residential grid, Por(t,RG;), during the restoration process in order

to be used in the population outmigration analysis presented in Chapter 6.
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BUSINESS SECTOR

A workplace building (WB) was defined herein as any building type which can employ residents
of pseudo-Norman, and which was assigned the same method for functionality as the school
buildings expressed in Equation 5-4. A community-level performance index was defined for the
business sector (BS) as the percentage of the employees who work in pseudo-Norman and are not
affected by the loss of functionality of their workplaces. The performance index was evaluated
during the community restoration process and the mean restoration curve is shown in Figure 5-11
(a) for the business sector. For example, after an EF5 tornado, on average, 68% of the employees
who work in pseudo-Norman are affected (i.e., their workplace buildings are non-functional).
However, as shown in Figure 5-11 (b), only 6% of the affected employees have non-functional
workplaces due to intrinsic failures (i.e., physical damage to WBs) and the rest, 62%, are affected
due to the loss of utilities in their workplaces (i.e., the loss of water and electric power). After one
month of recovery, 16% of the employees in pseudo-Norman are still affected, among whom 5%
are affected due to intrinsic failure of their workplaces and the rest as a result of extrinsic failures
of their workplaces. Although the majority of the performance loss in the BS immediately after an
EF5 tornado is due to the extrinsic failures (i.e., the loss of performance in the EPN and WSN),
the intrinsic failures last longer such that its contribution is higher than extrinsic failure

contribution in the performance loss of the BS during the full restoration, 1.e., 63% vs 37%.
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Figure 5-11. (a) Mean restoration curves for the business sector after each EF-scale tornado

and r = 50 and (b) the effect of cross-dependencies on the BS mean restoration curve after an
EF5 tornado

The effects of using different recovery resource units on the restoration process is shown in
Figure 5-12 (a) for the restoration of the BS after an EF5 tornado. Since the early stage of the
restoration process is dominated by the extrinsic failures and the majority of the damaged
workplace buildings are in DS4 (i.e., the damaged WBs need a long repair time), using higher r
values does not have a significant effect at the early stage of the restoration. Therefore, the intrinsic
mean restoration curves are shown in Figure 5-12 (b) to illustrate additional details related to the
effects of using different r values on the restoration curve. It is also worth mentioning that, after
an EF5 tornado, 6.1% of the WBs, on average, are damaged; among which 0.9, 1.1, 1.3, 2.8% are
in DS1 to DS4, respectively. For the restoration of the BS in the remaining analyses in this
dissertation 50 available recovery resource units for the business sector were considered.
Moreover, the percentage of affected employees who live in each residential grid, Pe(7,RG;), was

calculated and recorded during the restoration process in order to be used in the population
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outmigration analysis presented in Chapter 6. Recall that an affected employee is defined herein

as an employee whose workplace is non-functional.
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Figure 5-12. (a) Mean restoration curve and (b) mean intrinsic restoration curve for the
business sector after EFS tornado by using different r

Finally, it is noteworthy that the number of available recovery resource units (i.e., numbers of
repair crews, equipment, and replacement components), used for the restoration of a network,
would certainly be, to some extent, variable in an actual disaster. This number is a function of
several parameters such as the expanse of the disaster, the timeframe after the event, temporary
labor in-migration, and mutual aid agreements among utility companies (Chang et al., 2002).
Therefore, although a constant number was considered for the available recovery resource units,
r, in the analyses presented in the remainder of this dissertation, it would also be straightforward

to apply a time-dependent r in the model or set it up as a random process if enough data were

available.
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CHAPTER 6: POPULATION OUTMIGRATION!

INTRODUCTION

A resilient community is one that has planned for potential hazards in order to be able to resist,
absorb, and adjust to changing conditions as well as to return to a level of normalcy within a
reasonable time following a disaster (Alexander, 2013; Bruneau et al., 2003; Platt et al., 2016). A
number of metrics have been introduced to represent resilience (e.g., Attoh-Okine et al., 2009;
Ayyub, 2014 and 2015; Bruneau et al., 2003; Bruneau and Reinhorn, 2007; Henry and Ramirez-
Marquez, 2012; Omer et al., 2009; Ouyang et al., 2012; Reed et al., 2009). These metrics have
been used in studies in order to quantify the resilience of, for example, healthcare facilities (e.g.,
Cimellaro et al., 2010), water networks (e.g., Chang and Shinozuka, 2004), electric power
networks (e.g., Nan and Sansavini, 2017; Ouyang and Duefias-Osorio, 2014; Reed et al., 2009),
and transportation networks (e.g., Pant et al., 2014). In this dissertation, population outmigration
was proposed as a socioeconomic resilience metric that takes into account the cross-dependencies
among critical infrastructure systems within a community as well as the dependencies between the
components of each system. Furthermore, a methodology was developed to quantify this metric at
different levels, from the household level to the community level. It is noted that population

dislocation (FEMA, 2003; Lin, 2009) differs from population outmigration.

Population dislocation has been defined as a post-disaster socioeconomic impact in which
households are forced to move for some period of time due to damage to structures and

infrastructure in the wake of natural disasters (Lindell and Prater, 2003; Mitchell et al., 2011; Xiao

! This section is based on the paper: Masoomi, H., van de Lindt, J.W., and Peek, L., (2017) “Quantifying
Socioeconomic Impact of a Tornado by Estimating Population Outmigration as a Resilience Metric at the Community
Level”, accepted, Journal of Structural Engineering, DOI: 10.1061/(ASCE)ST.1943-541X.0002019
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and Van Zandt, 2012). According to previous disaster studies (Baker, 1991; FEMA, 2003; Gladwin
and Peacock, 1997; Lindell et al., 2006; Whitehead et al., 2000; Whitehead, 2005), population
dislocation is a function of several factors including housing structural damage, housing type,
disaster type, weather conditions, infrastructure disruption, and loss of employment. These factors
are further influenced by socioeconomic characteristics of households and their surrounding
neighborhoods. FEMA (2003), through their HAZUS model, proposed a methodology to measure
population dislocation in order to estimate the number of people requiring short-term shelter. The
methodology considers only structural damage and housing type such that all residents in
completely damaged (i.e., damage state 4) single-family structures and completely damaged (i.e.,
damage state 4) multi-family structures, as well as 90 percent of residents in extensively damaged
(i.e., damage state 3) multi-family structures will move after a natural disaster. Lin (2009) modified
the population dislocation methodology in the HAZUS model in order to consider socioeconomic
characteristics of households and their surrounding neighborhoods in addition to the housing type
and its structural damage level for estimating population dislocation. The modified model was
implemented in MAEviz (MAEC, 2006), a loss assessment software package developed by the
Mid-America Earthquake (MAE) Center and the National Center for Supercomputing
Applications (NCSA). Cavalieri et al. (2012) developed a more robust model that considers the
interactions of residential buildings, electric power network, and the water supply network to
investigate the inhabitability (i.e., functionality) of a residential building for estimating the
displaced population after an earthquake. Their model also took into account the effects of weather

conditions in assessing population dislocation.

In fact, the population dislocation models used in HAZUS (FEMA, 2003) and MAEviz (MAEC,

20006) as well as the model proposed by Cavalieri et al. (2012) consider only a couple of the factors

93



that affect households, while other factors play key roles in a household’s tendency (or decision)
to dislocate, such as infrastructure disruption, employment loss, and more importantly the time
needed for the infrastructure and socioeconomic sectors to recover. It should be mentioned that
these proposed models are reasonable as long as they are used to estimate the number of people
requiring short-term shelter. Moreover, these models may not offer an accurate representation of
resilience in that they only try to address robustness as a resilience property and do not consider
the effect of the restoration process (which per se includes the other three properties of resilience—

redundancy, resourcefulness, and rapidity) in population dislocation assessment.

Thus, the term population dislocation was conceptualized in previous studies as the households
who are forced to leave their homes following a disaster for any period of time, either short-term
or long-term. However, the metric proposed for use in this dissertation is the population who out-
migrate, meaning they dislocate permanently or long enough to have a meaningful effect on
indirect economic losses within a community. Based on previous studies, the return of households
and businesses are mutually dependent (Xiao and Van Zandt, 2012). In fact, the return of
households in the market area will increase the chances for businesses to return and vice versa.
Furthermore, if the displaced households are not included in the US census, the population loss
puts the community at risk of losing federal and state funding that are based on a certain threshold

for the community’s population (Xiao and Van Zandt, 2012).

In this dissertation, population outmigration is proposed as the permanent or long-term population
loss of a community in the aftermath of a natural disaster as a result of households moving because
of damage to buildings and infrastructure, school closure, loss of employment, or various
combinations thereof. The factors that influence population dislocation also affect population

outmigration. Therefore, the proposed model is formulated such that the disaster type, weather
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conditions, and socioeconomic characteristics of households and their surrounding neighborhoods
can be included in the model as a parameter describing the households’ tendency toward
outmigration. It is recognized that this is a significant simplification but does not misrepresent the
potential inaccuracies that stem from a dearth of data on this complex topic. Furthermore, in this
proposed methodology, population outmigration is updated during the restoration process until the
full restoration of the community is achieved, which enables assessing population outmigration

spatially and temporally at any level from household level to the community level.

POPULATION OUTMIGRATION METHODOLOGY

Population dislocation and, therefore, population outmigration (PO) are affected by housing
structural damage, housing type, disaster type, weather conditions, infrastructure disruption, loss
of employment, and myriad other socioeconomic characteristics of individuals and households
(Baker, 1991; Gladwin and Peacock, 1997; Whitehead et al., 2000; Whitehead, 2005). In this
dissertation, for each household in a residential grid, three parameters were considered to
potentially stimulate a household to leave the city with a probability assigned to each and their
combinations: (i) affected house (i.e., a non-functional house), (ii) affected employee (i.e., an
employee member of the household whose workplace is non-functional), and (iii) affected student
(i.e., a student member of the household whose school is non-functional). Recall that the
functionality of a building (e.g., a school, a workplace, or a residential building) was modeled, in
this dissertation, to be a function of the building physical performance as well as the availability
of both water and electric power. Therefore, the three aforementioned parameters take into account
buildings structural damage, disruption of infrastructure (i.e., electric power network, water supply

network, and school network), and employment loss. Based on these three parameters, at a time
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following the event, a household experiences one of eight states shown in Figure 6-1 and

summarized in Table 6-1 (i.e., S1 to S8 which are mutually exclusive and collectively exhaustive).

A Residential Grid
Affected Students Affected Employees

S1

Affected Houses

Figure 6-1. A Venn diagram which shows the possible states of a household after an event

Table 6-1. The states that a household experiences at a time following an event

State Affected House Affected Students Affected Employees

S1

S2 v

S3 v

S4 v v

S5 v
S6 4 v
S7 v v
S8 v v v

Each state leads to a different probability of outmigration for the household; which is a function
of time, the level of structural damage, housing type, disaster type, weather conditions, household
income, race/ethnicity, tenancy status, and so on. For example, a household is assumed to have a
greater tendency to out-migrate when state S8 occurs than state S3, and the longer the household

remains in a state, the more likely they are to out-migrate. Households residing in multi-family
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structures are more prone to dislocation (and therefore outmigration) than those living in single-
family dwellings, and this vulnerability is even more significant for households living in mobile
homes (Lin, 2009; Peacock and Girard, 1997). The disaster type can further influence the
household’s probability of outmigration in that, for example in the case of a flood, households may
have to leave their house if it is in the flooded area regardless of the level of damage. Population
outmigration can also be exacerbated by weather conditions since utility disruption affects the
ability to heat or cool the house. In very cold or hot weather conditions, this may significantly
decrease the tolerance (or safety) of households and therefore increase their probability of
dislocation followed by outmigration. A household’s socioeconomic status is one of the other
factors that influences the household’s probability of outmigration. Households with higher
socioeconomic status have more potential for mobility following a natural disaster, meaning they
have more resources to choose to relocate elsewhere, as well as to rebuild should they so choose
(Drabek and Key, 1984; Weber and Peek, 2012). Moreover, tenancy status of households was
found to have an inconsistent effect on household dislocation/outmigration (Peacock and Girard,
1997; Belcher and Bates, 1983). All the aforementioned factors should be considered in the
household’s probability of outmigration. However, in this dissertation, the probability of
outmigration was assumed only as a function of time when a household is in each state (i.e., states
S1 to S8) in order to illustrate the methodology to quantify population outmigration. This time-
dependent probability, which is shown in Figure 6-2, indicates the conditional probability of
outmigration for a household at time 7 following the disaster given that the household has not out-
migrated until that time and is still in the same state as before. Even if a household is not affected
by the three parameters (affected house, affected employee, and affected student), i.e., the state

S1, a very low constant probability was considered for the household outmigration. It should be
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noted that the focus in this dissertation was on the methodology development and the values in

Figure 6-2 were assumed here and post-disaster surveys are recommended for full calibration.

—
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Conditional Probability of Outmigration

1 1 1 | 1 1 1 | 1 1 1 | 1 1 1 | 1 1 1
0 200 400 600 800 1000
Time (days)
Figure 6-2. The household's conditional probability of outmigration as a function of time given
state S;j occurred for the household and the household have not out-migrated until time t.

The fundamental steps toward population outmigration analysis were summarized in the flowchart
in Figure 5-1. During the community restoration analysis, the percentage of affected students,
Ps(t,RG)), the percentage of affected occupied residential buildings, Por(t,RG;), and the percentage
of affected employees, Pe(t,RG;), were recorded for each residential grid (RG) as a function of
time. The probability that household k (Hx) in residential grid i (RG;) experiences one of the states

in Figure 6-1 can be calculated at time ¢ as:

P, (t.H,,RG,) =[1- P, (1, RG)][1- P,(t. RG)]" [1-P,(t.RG)]*" Equation 6-1
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Hy
nE

P, (t,H,,RG) =[1-P,,(t, RG,.)][1—[1—PS(z, RG)]™ }[1— P,(t,RG)] Equation 6-2

Py (t.H,,RG,) = P,,.(1, RG))[1- P,(t RG)]" [1- P,(t. RG))|*" Equation 6-3
P, (t,H,.RG,) = P,(t, RGi)[l —[1- Pt RG)]"™ }[1 — P.(t,RG)]" Equation 6-4
Pys(t,H,,RG,) =[1- P,z (1, RG)|[1- Bz, RG,.)]"g k [1 -[1-P., RG,.)]"gk } Equation 6-5

Hi
g

Py (t.H . RG,) =[1— P, (t. RG] [1 —[1-P(1,RG))] }[1 —[1-P.(t. RG] J Equation 6-6
P, (t, H,,RG)) = P,,.(t, RG,))[1- P,(t, RG))]"* [1 —[1- P, RG] ] Equation 6-7
P, (t,H.,RG)= P, (1,RG) [1 —[1- Pt RG)]™ } [1 —[1-P.(t,RG)]™ } Equation 6-8

Hy . H .
where Ng“ is the number of student members of the household &, and 7" is the number of

employee members of the household «.

Therefore, by using the conditional probability of outmigration for each state shown in Figure 6-2,
the conditional probability of outmigration for the household & at time ¢ given that they have not

out-migrated until time ¢ (termed condition A herein) can be calculated as:

PPO|A (t’ Hk’ RGI) = Z|:PPO|SJ.,A (t) X st (t’ Hk7 RG,)] Equation 6-9
J
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where Psi(t,Hi, RG;) is the probability that household & in residential grid i is in state S; at time z,
and Ppoysja(?) is the household’s conditional probability of outmigration at time ¢ if state Sjoccurred
for the household and the household have not out-migrated until that time, which is shown in

Figure 6-2.

In order to calculate the probability of outmigration for household k, Ppoja(t,Hi, RG;) serves as the
hazard function for the household outmigration in time-dependent reliability analysis. The hazard
function indicates the likelihood of the event (i.e., outmigration here) between time ¢ and ¢ + dt as
dt — 0 given that the event has not occurred before time ¢ (Melchers, 1999). Therefore, the

probability of outmigration for household k in (0,7] can be expressed as:

P,,(T <t,H,,RG,) =1—-exp [—J. Poou (&, H,, RGl.)d.f} Equation 6-10
0

Once the probability of outmigration for household k is found, it can be aggregated for the
households at each grid to estimate population outmigration (PO) at the grid level or be aggregated

for all households in pseudo-Norman to estimate PO at the community level.

GRID-LEVEL POPULATION OUTMIGRATION
A spatiotemporal depiction of PO can be achieved by aggregating Equation 6-10 for the

households living in a specified region (e.g., grids in this dissertation) as:

PO(T <t,RG) =Y | n" x B, (T <t,H,,RG)) | Equation 6-11
k

For example, population outmigration was assessed for pseudo-Norman after a simulated EF5

tornado hit the city and the mean PO for each grid is illustrated in Figure 6-3. Moreover, the mean
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PO at time 7 following the disaster is shown in Figure 6-3 for three grids, as examples. The analysis
was done for different tornado intensities and the grid-level mean PO is shown in Figure 6-4 for

each EF-scale tornado.
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Figure 6-3. Spatiotemporal depiction of mean population outmigration in pseudo-Norman after

an EF5 tornado
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Figure 6-4. Mean number of out-migrated people in each grid in pseudo-Norman after an: (a)
EFO, (b) EF1, (c) EF2, (d) EF3, (e) EF4, and (f) EF5 tornado
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COMMUNITY-LEVEL POPULATION OUTMIGRATION

Although the spatial distribution of population outmigration provides information regarding areas
in the city with a high potential of PO, an estimate for the community-level PO can be employed
by community leaders and policymakers for making decisions regarding regional activities and
developments. The percentage of population outmigration until time ¢ after the event can be
calculated for pseudo-Norman as:

> [0 xBpy(T<1,H,.RG)]

PO(T <t)=-1-% x100 Equation 6-12
pseudo — Norman Population

where 1™ is the number of people in household & and the pseudo-Norman Population is set equal

to 110,844.

Population outmigration analysis was performed for pseudo-Norman subjected to tornadoes with
different intensities and the mean percentage of population outmigration at the community-level
is shown in Figure 6-5 (a) as a function of time after the event for each EF-scale tornado. In the
case of an EF5 tornado (with the tornado path center located within the area of pseudo-Norman),
6.96% of the pseudo-Norman population (approximately 7,700 people) out-migrate, on average,
as a result of physical-socio-economic disruptions in the community. In order to show the extent
of uncertainty in the analysis, the 5, 25, 50" (i.e., median), 75", and 95™-percentile of the results
of the population outmigration after an EF5 tornado in pseudo-Norman are shown along with the
mean of the results in Figure 6-5 (b). When a tornado strikes pseudo-Norman, it may strike a
populated area of the town or an undeveloped part of it, which is a source of uncertainty that stems
from the unpredictability of the tornado path center, direction, length, and width. Moreover, there

exist other significant uncertainties in the analyses such as uncertainties in the resulting damage to
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the components as well as the uncertainties in the repair time for the damaged components. As
shown in Figure 6-5 (b), after an EF5 tornado hits pseudo-Norman, the mean population
outmigration is 6.96%, while the 5, 25® 50®, 75", and 95%®-percentile of the PO are equal to 0.01,

0.08, 0.62, 9.06, and 30.96 percent, respectively.

6.9684 %
3.4662 %

E —5th percentile 30.9609 %

9.0675 %

0.8294 % 6.9684 %

95th percentile
mean

0.0108 %

Population Outmigration, PO(T<1), (%)
Population Outmigration, PO(7<t), (%)

0.0026 % ¢
10'3 I I I (a) 10’3 I I I I (b)
1 10 100 1000 1 10 100 1000
Time (days) Time (days)
Figure 6-5. (a) Mean population outmigration in pseudo-Norman after each EF-scale tornado
and (b) the uncertainty in the EF5 population outmigration

As mentioned before, population outmigration was formulated, in this dissertation, based on the
functionality of the residential sector, business sector, and school network in pseudo-Norman; each
of which depends not only on the physical performance of their own components but also on the
functionality of the electric power network and the water supply network in the city. One might be
interested in the contribution of each of these networks in the population outmigration calculation.
In this regards, the contribution of physical damage to the buildings (i.e., residential buildings,
workplace buildings, and school buildings) versus the contribution of utility loss (i.e., the loss of
functionality in the EPN and WSN) in the population outmigration assessment were illustrated in
Figure 6-6 (a) after an EF5 tornado in pseudo-Norman. As shown in this figure, the majority of

the population outmigration was caused by the functionality loss due to physical damage to the
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buildings. This is because the repair process for all the buildings in the residential sector, business
sector, and school network takes a long time while the restoration of the EPN and WSN only takes
several weeks (or a couple of months in severe cases). Furthermore, the contribution of the
functionality of the residential sector, business sector, and school network (functionality includes
either physical damage or loss of electric power or water) in causing population outmigration were
distinguished in Figure 6-6 (b) after an EF5 tornado hit pseudo-Norman. As shown in this figure,
the majority of contribution is for the residential sector while the school network has the lowest
contribution. The reason is simply that of the number of buildings that are non-functional after an
event. Restoring the EPN and WSN are faster than repairing the damaged buildings. When a
tornado hits a city, usually, the largest number of damaged buildings is from the residential sector,
then, the business sector and, lastly, the school network because of the distribution and number of

these types of buildings within the city.
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Figure 6-6. (a) Contribution of physical damage to buildings vs loss of utilities in resulting PO
and (b) contribution of the functionality of business sector, residential sector, and school
network in causing PO
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The sensitivity analysis was performed to illustrate the influence of parameters used in the
methodology on population outmigration assessment. The sensitivity of the population
outmigration analysis on the number of available recovery resource units used for the restoration
of the EPN, the business sector, and the residential sector is shown in Figure 6-7. Inspection of

this figure shows that the PO is not sensitive to the r.,, while it is highly sensitive to the r,; and
Ts - Using 10 available recovery resource units for the restoration of the business sector results in

22% PO after an EF5 tornado (on average) while increasing the 7, to 20 and 50 units decreases

the PO to 13% and 7%, respectively. For the residential sector, using 50 available recovery

resource units results in 10% PO after an EF5 tornado (on average) while increasing the r,, to

250, 500, and 1500 decreases the PO to 7%, 4%, and 2.5%, respectively.

The sensitivity of the PO to the parameters of the fragility curves as well as the parameters of the
repair/permitting time was examined separately for the parameters used in each network and the
results are shown in Figure 6-8 and Figure 6-9. As illustrated in these figures, although the PO is
insensitive to the logarithmic standard deviation of fragility curves and the COV of the
repair/permitting time, it can be highly sensitive to the median of fragility curves and the mean of
the repair/permitting time. Population outmigration was shown to be insensitive to the parameters
that were used in the EPN, WSN, and school network; however, it is sensitive to these parameters
for the business sector and residential sector. The reason is that of the contribution of these
networks in resulting PO, as shown in Figure 6-6. Moreover, the parameters used for the business
sector have the most influence on the calculation of PO since if a workplace building becomes
non-functional its effects spread throughout the city in that employees may live in different parts

of the city than they work.
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CHAPTER 7: TORNADO-INDUCED CASUALTIES'

INTRODUCTION

Tornadoes threaten life safety in many regions of the United States each year and have been the
cause of the highest number of fatalities among natural hazards over the last 10 years (NOAA,
2017a). Since designing a building to resist intense tornadoes (i.e., EF3, EF4, and EF5 tornadoes)
is not economically justifiable, van de Lindt et al. (2013) proposed a dual-objective design
philosophy that reduces building damage for tornadoes in the EFO to EF2 range, while focusing
on life safety for tornadoes with higher intensity, i.e. EF3 to EF5. Moreover, from a community
resilience perspective, risk mitigation policies and master planning of a new community not only
have to satisfy community resilience metrics but must also meet life-safety requirements or targets
at the community level. Therefore, the purpose of this chapter is to provide a predictive model for
injuries and fatalities induced by a tornado at the community level. In this regard, a model will be
developed for the contiguous United States based on the all relevant recorded historical tornadoes.
Several tornado properties (e.g., tornado intensity and tornado path length) as well as the properties
of the affected community (e.g., the number of housing units and people located in the tornado
path) were used as explanatory variables in the regressive model to assess the expected number of
tornado-induced injuries and fatalities. The model will then be applied to the pseudo-Norman

community following the thread/theme throughout this dissertation as an illustrative example.

Shen and Hwang (2015) studied the expected risks of human injuries and fatalities for the

continental United States by taking into account the effects of tornado disasters between 1950 and

! This section is based on the paper: Masoomi, H., and van de Lindt, J.W., (2018) “Fatality and Injury Prediction
Model for Tornadoes”, accepted, ASCE Natural Hazards Review, DOI: 10.1061/(ASCE)NH.1527-6996.0000295
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2012. In this regard, they integrated the tornado database with the U.S. state boundary GIS
database to find the spatial distribution of tornadoes and their corresponding effects at the state
level. Ashley (2007) used the tornadoes between 1950 and 2004 to investigate the spatial and
temporal analysis of tornado fatalities by assigning fatalities reported for each tornado to the
nearest town or county seat. Fricker et al. (2017) improved the spatial distribution of tornado-
induced casualties by allocating the total number of casualties reported for each tornado according
to the underlying population within the tornado path and for the tornadoes between 1955 and 2016.
Simmons and Sutter (2008) investigated the effect of tornado warnings on casualties by examining
a dataset of tornadoes in the U.S. between 1986 and 2002. Their results show that although an
increase in lead time up to 15 minutes reduces fatalities, longer lead times resulted in more
fatalities compared with no warning. Simmons and Sutter (2014) updated this regression model by
using 1990-2010 tornadoes in order to examine if the tornadoes in 2011 produced fatalities
consistent with earlier tornadoes. Their fatality regression model did not correctly predict the
number of fatalities in the individual 2011 tornadoes but noted that a high degree of precision was
not expected because they were using the demographic data at the county level. In fact, they used
the U.S. census data at the county level in order to find the average number of people in each storm
path as well as other economic and demographic variables used in the model. This likely introduces
an unbiased error because sometimes tornadoes strike a town in a populated county, and sometimes
an undeveloped part of an urban county. Therefore, in this dissertation, an attempt was sought to

reduce this error as much as possible by using a finer census level, i.e., block level.
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PREDICTION MODEL FOR THE CONTIGUOUS UNITED STATES

The U.S. Tornado Database

Two different types of database were used here, namely the United States tornado database and
U.S. Census database. The National Weather Service (NWS) Storm Prediction Center (SPC) has
a database of tornadoes in the United States since 1950 (NOAA, 2017d). This database provides
tornado properties such as the intensity of the tornado, the date and time when tornado occurred,
number of induced injuries and fatalities, longitude and latitude for the touchdown and lift-off
points, estimated property damage, and the path length and width as well as additional information.
Figure 7-1 shows the annual tornado counts and the annual number of casualties reported in the
United States between 1950 and 2015. As shown in Table 7-1, more than 60,000 tornadoes were
reported in the United States in this period, which includes 46.47% EFO/FO, 33.64% EFI1/F1,
14.85% EF2/F2, 4.01% EF3/F3, 0.94% EF4/F4, and 0.09% EF5/F5 tornadoes. These tornadoes
caused approximately 94,000 injuries and 6,000 fatalities. Casualties corresponding to each EF/F

scale are summarized in Table 7-1.

Due to improvement in communications and technological advances, there has been an increase
in the number of tornado reports over the years, as shown in Figure 7-1 (a). The first national
weather surveillance radar network was put in place in the late 1950s (Schaefer and Edwards,
1999). The number of EF0/FO tornadoes increased remarkably since 1990. This increase is partly
because of a policy change in 1982 to assign FO to all tornadoes when the amount of damage was
unknown or not observable as well because of more incorporation of local weather forecast offices
in spotting storms after 1990 (McCarthy, 2003; Brooks, 2004). The annual fatalities and injuries
between 1950 and 2015 are plotted in Figure 7-1 (c) and (d), respectively. Since the major

casualties occur in intense tornadoes (i.e., EF3/F3 to EF5/F5 tornadoes), the annual number of
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intense tornadoes were plotted in Figure 7-1 (b) for more detail. For example, although annual
tornado counts are 126 tornadoes more in 2004 (the year with the largest number of reported
tornadoes) than in 2011, the annual injuries and fatalities in 2011 are, respectively, 14 times and
16 times those of 2004. This is partly because the number of intense tornadoes in 2011 was 3 times
those of 2004, and the number of casualties was much more substantial in the 2011 tornadoes

because several tornadoes hit densely populated areas.

Rating tornadoes before 1973 was almost solely based on reading articles and looking at published
photographs, which results in a high bias in rating of tornadoes for this period (Schaefer and
Edwards, 1999). In 1971, the Fujita scale (F scale) was developed (Fujita, 1971) and implemented
in 1973 to rank the intensity of tornadoes. Therefore, only the tornado dataset from 1973 to 2015
is included in the regression models in this dissertation. The number of tornadoes and casualties
reported in this period is summarized in Table 7-1 for each EF/F scale. The F scale was used until
2007 when it was replaced by the Enhanced Fujita scale (EF scale). The corresponding F scales
and EF scales were considered to be in the same category in this dissertation, e.g. FO and EF0 were
assumed to be the same category. It is not logical to reclassify the F scales into the EF scale as the
scale is based on damage and not wind speeds (Standohar-Alfano and van de Lindt, 2014). It
should be noted that both rating methods are subjective which results in some inevitable systematic
biases. These biases are extremely difficult to detect and there is nothing that can be done about

them (Brooks, 2004). The term “EF scale” will be used from this point forward.

The reported tornadoes in a database can have unrecorded properties such as the coordinates of
touchdown and lift-off, intensity, or path width. Among tornadoes in the 1973-2015 dataset, 492
tornadoes were rated as unknown intensity, 473 tornadoes had unrecorded path width, and the

latitude and/or longitude of start and/or end points were not reported for 26,033 tornadoes, which
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resulted in 26,226 tornadoes with incomplete properties. These tornadoes were excluded from

dataset, and finally as shown in Table 7-1, a filtered dataset including 20,001 tornadoes was used

in the regression analyses.
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Figure 7-1. The annual tornado counts and the annual number of fatalities and injuries in the
United States since 1950. (a) The annual tornado counts including all EF/F scale tornadoes, (b)
the annual tornado counts including only EF3/F3 to EF5/F5 tornadoes (i.e. intense tornadoes),
(c) the annual tornado fatalities, and (d) the annual tornado injuries
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Table 7-1. The number of tornadoes and corresponding injuries and fatalities in each EF/F scale

for different datasets
Tornado 1950-2015 Dataset 1973-2015 Dataset 1973-2015 Filtered Dataset
Intensity Tornado Injuries Fatalities Tornado Injuries Fatalities Tornado Injuries Fatalities
Counts Counts Counts

Inteﬁllities 60114 93856 5823 46227 57119 3202 20001 50933 3015
EF0/FO 27933 811 23 24530 669 13 7529 227 5
EF1/F1 20221 6954 227 14841 5158 182 7437 2895 108
EF2/F2 8924 15594 587 5051 10650 392 3424 8108 320
EF3/F3 2412 23012 1282 1436 15591 920 1256 14760 892
EF4/F4 565 34529 2357 335 18317 1015 321 18209 1010
EF5/F5 59 12956 1347 34 6734 680 34 6734 680

The U.S. Census Database

A tornado may strike a town in a populated area of a county or an undeveloped part of an urban
county. These two scenarios result in two drastically different number of casualties for intense
tornadoes. This puts emphasis on the importance of the number of housing units and people located
in a tornado path on casualties. The number of damaged housing units and their level of damage
are also two other imperative factors which might critically affect the number of casualties. The
tornado database does not provide any information about these factors. However, the number of
housing units and people in tornado path can be approximated by using the tornado track
information (i.e., the longitude and latitude of touchdown and lift-off points as well as the tornado
width) and the U.S. census data. The best approximation can be made by using the U.S. census

database (American FactFinder, 2017) at the block level.

Finding an approximation for the number of damaged housing units and their level of damage for
each tornado is challenging and cannot be done for a reasonable number of tornadoes to be used
for a regression model. However, these parameters can be inferred and replaced by the estimated
property damage reported in the tornado database. Tornado damage type was separated into two
categories, property damage and crop damage, since 1996, and a dollar amount was assigned to
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each (McCarthy, 2003). Before 1996, a value was assigned to a monetary range, which makes
identifying this change in monetary amounts more challenging. The damage assessment is a
subjective process and the estimated property damage is based on available figures supplied by
insurance companies. If this is not available, the dollar estimate is aquired from emergency

management, utility companies, or newspaper articles (McCarthy, 2003).

In order to estimate the number of housing units and people located in each tornado path, the U.S.
census data for the years 1970, 1980, 1990, 2000, and 2010 and the American Community Survey
(ACS) 5-year estimate for the year 2015 were utilized. Then, the intercensal estimate was
calculated for each tornado by simple linear interpolation based on the year of occurrence. The
U.S. census data for the years 1970 and 1980 were found at the county level along with the
cartographic boundary shapefiles from the National Historical Geographic Information System
(NHGIS) (Minnesota Population Center, 2016). The NHGIS provides population, housing,
agricultural, and economic data along with GIS boundary files for the United States since 1790.
The U.S. census data for the year 1990 was found at the block group level from Centers for Disease
Control and Prevention (CDC, 2017). American FactFinder (2017) was used to obtain the U.S.
census data for the year 2000 and the ACS 5-year estimate for the year 2015, both at the census
tract level. And, the U.S. census data for the year 2010 was obtained at the block level along with
the cartographic boundary shapefiles from the Topologically Integrated Geographic Encoding and
Referencing (TIGER, 2017) geographic database developed by the U.S. Census Bureau. The
cartographic boundary shapefiles for 1990 at the block group level and for 2000 and 2015 at the

census tract level were downloaded from the United States Census Bureau website (2017).

Different census levels are shown in Figure 7-2 for the State of Alabama as an example. Alabama

had 67 counties, 1181 census tracts, 3438 block groups, and 252,266 census blocks in 2010. In

115



order to see the details better, Tuscaloosa County, marked in Figure 7-2 (a), is shown in Figure 7-3

at four different census levels along with the path of the EF4 tornado occurred in 2011 in the city

of Tuscaloosa, Alabama.
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Figure 7-3. Different Census Levels for the Tuscaloosa County: (a) Counties, (b) Census Tracts,
(c) Block Groups, and (d) Census Blocks. The EF4 tornado occurred on April 27, 2011 in the
city of Tuscaloosa Alabama is also shown

Since a tornado track has a relatively narrow width, using the finest census level, 1.e. block level,
provides the best estimate for the number of housing units and people located in each tornado path,
which will be explained further later. However, as mentioned before, only the census data for 2010

was available at the block level. Therefore, the census data for the other aforementioned years
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were adjusted here to represent block-level data.! For example, for the 2000 census data which is
at the census tract level, instead of considering uniformly distributed population and housing unit
counts over a census tract area, the distribution was weighted based on the corresponding
population and housing unit counts for the 2010 blocks located in that census tract area. In other
words, the 2010 census data at the block level was used for all other years, but the population and
housing unit counts were adjusted to satisfy the amount of corresponding parameters in the
considered year (e.g., 2000) at the available census level (e.g., census tract level). The blocks size
are fine enough to give a reasonable estimation for the population and housing unit counts

distributed uniformly over a block area.

Housing Unit Counts and Population

This section explains the procedure to estimate the affected community properties for each tornado
in the dataset (i.e., the number of housing units and people located in a tornado path). ArcMap GIS
software was used to develop the tornado paths and intersect them with the census data shapefiles.
The steps to estimate the number of housing units and people located in the tornado path is
presented in Figure 7-4 with an example at the county level for the EF4 tornado that occurred on

April 27, 2011, in Tuscaloosa, Alabama.

Based on the longitude and latitude for the touchdown and lift-off points for each tornado a line is
drawn which was then buffered based on the corresponding tornado width to obtain the tornado
path. The tornado path is intersected with the boundary shapefiles to find the portion of the census-

level entities located in the tornado path. As an example, the Tuscaloosa EF4 tornado hit the three

! Although this adjustment may result in misestimation for tornadoes in counties that have had a large population
increase, it did not have a significant effect on the regression results.
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counties of Jefferson, Tuscaloosa, and Greene as shown in Figure 7-4. The population and housing

unit counts can then be calculated as:

n T
P= Z(%J}?C Equation 7-1

A'T
H = [_jH ¢ Equation 7-2
AC

where, P and H are the estimated population and housing unit counts located in the tornado path
at the corresponding census level, respectively. n is the number of census-level entities located in
the tornado path (e.g., n is three in Figure 7-4) and A" is the potion of the area of the census-level
entities in the tornado path. AL, P, and H€ are the area, population, and housing unit counts for

the census-level entities, respectively.

Lift-off:
Longitude: -86.7436
Latitude: 33.6311

Tuscaloosa

) -
Census Intersect
Boundary
Shapefile

Touchdown:
Longitude: -87.9350 Tornado Path
Latitude: 33.0297

Figure 7-4. The steps for estimating population and housing unit counts located in a tornado
path. The estimation at county level for the EF4 tornado on April 27, 2011 in Tuscaloosa,
Alabama is presented here as an example

In order to check the consistency of the identified counties hit by the mapped tornadoes with the

corresponding counties reported in the SPC database, the overlap percentage of the identified
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counties with the counties reported in the SPC database were evaluated for each tornado. As shown
in Table 7-2, the mapped tornado paths herein are reliable regarding the identified Census blocks

being in the correct counties reported in the SPC database.

Table 7-2. The percentage of tornado paths that contains Census blocks that have x% overlap
with the SPC reported counties

Overlap Percentage

=100 >75 =50 =0
EFO 98% 98% 99% 1%
EF1 97% 97% 99% 1%
EF2 9% 96% 99% 1%
EF3 9% 96% 99% 1%
EF4 91% 95% 100% O
EF5 94% 97% 100% O

EF Scale

Figure 7-5 shows the intersected tornado path with four different census-level boundaries.
Incidentally, for this particular example, the estimations at the four levels are close (i.e., less than
10% error). However, if the estimated parameters for the part of the tornado path at each county
are considered for comparison, as tabulated in Table 7-3, the error can be as high as 77.2% when
the census data at the county level is used. Although the estimated parameters at the block group
level and census tract level have up to 20% error in this example, this error is expected to be higher
for the tornado paths with lower width (The Tuscaloosa EF4 tornado on April 27, 2011, had a
maximum path width of 2380 meters while an EF4 tornado has a mean width of approximately

700 meters).
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(d) Census Block-level Estimation: Population = 39,587 Housing Unit Counts = 15,952
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(c) Block Group-level Estimation: Population = 36,225 (err -8.5%) Housing Unit Counts = 16,131 (err 1.1%)
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(b) Census Tract-level Estimation: Population = 35,342 (err -10.7%) Housing Unit Counts = 15,866 (err -0.5%)
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(a) County-level Estimation: Population = 37,746 (err -4.7%) Housing Unit Counts = 17,068 (err 7.0%)
C D)

Figure 7-5. Estimated population and housing unit counts located in the EF4 tornado path that

occurred on April 27, 2011 in Tuscaloosa, Alabama for different census levels: (a) County level,

(b) Census Tract level, (c) Block Group level, and (d) Census Block level. The error is shown in
parenthesis with respect to the block-level estimation

Table 7-3. Estimated parameters at different census level for the total tornado path as well as the
part of the tornado path in each county

Parameters Tornado Part  Blocks Est.  Block Groups Est. FEZZ;]. Census Tracts Est. E(Ez)(;r Counties Est. E((r);oc)'r
Total 39587 36225 -8.5 35342 -10.7 37746 -4.7

p Greene 110 97 -11.8 87 -20.9 154 40.0
Jefferson 16928 15949 -5.8 16110 -4.8 28969 71.1

Tuscaloosa 22549 20179 -10.5 19145 -15.1 8623 -61.8
Total 15952 16131.0 1.1 15866 -0.5 17068 7.0

Greene 56 54.0 -3.6 50 -10.7 85 51.8

" Jefferson 7464 7281.0 -2.5 7105 -4.8 13223 77.2

Tuscaloosa 8432 8796.0 4.3 8711 33 3760 -55.4

In order to compare the effect of using county-level versus block-level data for estimating
population and housing unit counts within each tornado path, the median of estimated parameters
as well as the average and maximum absolute difference of county-level and block-level estimation
were evaluated for each EF scale and presented in Table 7-4. The errors are higher for the lower

EF scales.

120



Table 7-4. Comparison of estimated parameters using county-level and block-level data

Parameters
EE Population Housing Unit Counts

Block- County- . Block- County- .
Seae level lvel  MAD* Mf‘g‘*‘ﬁm level lvei  MAD* Mixll;ﬁzm

Median Median Median Median
EF0 1 2 27 33977 0 1 10 5496
EF1 7 11 89 19459 3 5 38 9319
EF2 29 36 216 75444 12 16 88 30568
EF3 103 129.5 421 14998 43 54 176 6925
EF4 403.5 369 1328 60122 175.5 152.5 542 16838
EF5 2967 1816 2492 18584 1011 637 1027 8189

*MAD: Mean Absolute Difference; **AD: Absolute Difference.

The procedure explained above was applied for all 20,001 tornadoes in the 1973-2015 filtered
tornado dataset and the considered parameters were estimated by using census data at the modified
block level for the years 1970, 1980, 1990, 2000, 2010, and 2015. Finally, the intercensal estimate
was generated for each tornado by simple linear interpolation based on the year of occurrence. One
caveat to this process is that the tornado path is assumed to be a straight line between touchdown
and lift-off points with a constant width as reported in the tornado database. The assumption of a
straight line path may underestimate or overestimate the affected community properties (i.e., the
number of housing units and population located in the tornado path). For example, Figure 7-6
shows the EF5 tornado in Joplin on May 22, 2011, as a simplified angular path which is close to
the observed path (Figure 7-6 (a)) and as an assumed straight path (Figure 7-6 (b)). The estimated
properties are drastically different in these two cases because the angular path goes through a dense
residential portion in Joplin, Missouri. The estimated housing unit counts and population are equal
to 6,830 and 14,870 for the angular tornado path, respectively, while they were estimated equal to
1,821 and 4,480 when the straight tornado path was used. Although the straight path assumption
drastically underestimates the affected community properties in this example, there are other cases

in which the modeled straight path goes through a populous area (i.e., an overestimation) while
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the observed tornado had a curved path which skipped the populous area. Therefore, since the
straight path assumption cannot be relaxed because of the lack of information in the tornado

database, it was accepted in the analyses as an unavoidable error and noted.
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Figure 7-6. Simplified path model for the EF5 tornado in Joplin on May 22, 2011: (a) an
angular tornado path based on the observed tornado path, and (b) a straight tornado path

Regression Model

One of the common approaches for developing models in order to predict variables of interest
based on past data is a statistical regression model. In this regard, generalized linear models (GLM)
(Nelder and Wedderburn, 1972; Cameron and Trivedi, 1998) were used, which are the common
regression models for count data. In this dissertation, both a Poisson GLM and negative binomial

GLM were investigated and will be discussed further later. The reason for using a negative
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binomial GLM is its flexibility to model the overdispersed count data, i.e. when the variance is
greater than the mean for the counts. However, the variance and mean are equal in a Poisson GLM

with the probability density function (PDF) conditional on a vector of explanatory variables, X,

as:
-1
ﬂ/y
fOyX)= ¢ ' Equation 7-3
y!
E[ylX]=Var[y|X]=ﬂu=eXp(ﬂ0 +Z,Bixi] Equation 7-4

where y are the counts of injuries/fatalities, x; are the explanatory variables, f; are the regression
parameters, and 4 is the link parameter which is the conditional mean and variance for the Poisson

distribution.

In a negative binomial GLM, the count data follow a negative binomial probability mass function

(PMF) conditional on X and o as shown in Equation 7-5:

I'(y+a Y Y
fOlXa)= ta )_1 i{ ( = j Equation 7-5
ry+hHle )\ a +4 a +A
EylX,al=4= exp(ﬂo + Zﬂixl) Equation 7-6
var[y| X,a]= A +ai’ Equation 7-7

where a is the overdispersion parameter and is greater than zero. As a goes to zero, the negative

binomial distribution approaches the Poisson distribution. Therefore, a can be used as a
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dimensionless criterion to compare fitted models for a data set such that if a is not significantly
different from zero, the Poisson GLM and, otherwise, the negative binomial GLM is the correct
choice for regression model. Moreover, the Akaike information criteria (AIC) was used as an
alternative criterion for comparing the fitted models such that the model with a smaller AIC is

preferred. The AIC for a fitted model is defined as (Akaike, 1974):

AIC = -2 log(Likelihood) + 2 (Number of Independent Parameters) Equation 7-8

In order to measure the goodness of fit for the negative binomial GLM models, pseudo-R? statistic
based on a, R?,, was calculated for each model as shown in Equation 7-9 (Liu et al., 2005; Han et

al., 2009):

Ri =l-— Equation 7-9

where a and ap are the overdispersion parameters for the fitted model and the intercept-only model,

respectively.

Model 1: Basic Model

Injuries and fatalities are the dependent variables and the tornado path width, tornado path length,
tornado intensity, and population and housing unit counts located in the tornado path are the
explanatory variables for the basic model. However, using both population and housing unit counts
variables in a regression model resulted in an inconsistency such that the regression parameter for
population was negative. This means that increasing the population in a tornado path results in
lower injuries and fatalities which is not logical. One of the reasons for this outcome is that the
population and housing unit counts variables were found to be linearly correlated. Therefore, the

variable housing unit counts was omitted and only the population located in the tornado path was
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used as an explanatory variable in the regression models. Moreover, tornado path width was
excluded from the explanatory variables vector in that it was found to be an insignificant predictor
based on its two-tailed p-value in the models. The reported tornado path width in the database was
measured at the widest point along a tornado path and has a high level of uncertainty, which makes
it unreliable if included as an explanatory variable. Since different tornado intensities have
drastically different mean injury and fatality counts, tornado intensities were categorized into
moderate tornadoes (i.e., EFO and EF1), strong tornadoes (i.e., EF2 and EF3), and violent
tornadoes (i.e., EF4 and EF5) and three regression models were developed for both injuries and
fatalities. The explanatory variables in each model are LENGTH (the tornado path length in
kilometers), POP (the population located in the tornado path), EF1 for moderate tornado model (a
dummy variable that equals one if the tornado is EF1 and zero for an EFO tornado), EF3 for strong
tornado model (a dummy variable that equals one if the tornado is EF3 and zero for an EF2
tornado), and EF5 for violent tornado model (a dummy variable that equals one if the tornado is

EF5 and zero for an EF4 tornado).

Although Simmons and Sutter (2008) suggested using a Poisson GLM for fatalities and a negative
binomial GLM for injuries, comparing the overdispersion parameters as well as AIC for the models
here shows that a negative binomial GLM outperforms a Poisson GLM for both injuries and
fatalities. For example, as shown in Table 7-5 for violent tornadoes, the overdispersion parameter
is equal to 2.444 and 2.212 for injuries and fatalities, respectively, which indicates that based on
Equation 7-7, the variance is significantly greater than the mean and thus a negative binomial GLM
should be used for the regression model. Moreover, AICs are significantly lower for negative
binomial GLM than those for Poisson GLM (3010 vs 39744 for injuries and 1449 vs 3043 for

fatalities). Therefore, a negative binomial GLM is suggested for both injuries and fatalities.
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Table 7-6 shows the regression parameters, o, AIC, and pseudo—R2 for negative binomial GLM for
injuries and fatalities of moderate and strong tornadoes. Since there is a significant level of
uncertainty in the models for injuries and fatalities, it is recommended that the maximum estimated
number of injuries and fatalities from the models be constrained (capped) by the maximum of the

corresponding variables in the tornado dataset which are presented in Table 7-5 and Table 7-6.

Table 7-5. Basic model: Regression parameters, overdispersion parameter, AIC, and pseudo-R?
tests for Poisson and negative binomial GLMs for injuries and fatalities of violent tornadoes

Poisson GLM Negative binomial GLM
Parameter Injuries Fatalities Injuries Fatalities
Estimate  Std. Error  Estimate  Std. Error { Estimate Std. Error Estimate Std. Error
LENGTH 5.335e-03% 1.144e-04 6.416e-03% 4.262¢-04 | 5.773e-03°> 2.037e-03  9.005e-03* 2.017¢-03
POP 5.005e-05* 3.790e-07 3.783e-05* 2.061e-06 | 1.317e-04* 1.432¢-05 6.806e-05* 1.382e-05
EF5 1.146* 1.492¢-02 1.747% 5.216e-02 1.302* 2.987e-01 1.8432 2.890e-01
Intercept 3.520* 1.082e-02 6.369¢-01* 4.316e-02 3.134% 1.299¢-01  3.503e-01°  1.350e-01
o - - - - 2.444 3.070 e-02 2212 4.940 e-02
AIC 39744 - 3043 - 3010 - 1449 -
R - - - - 0.23 - 0.38 -

The maximum number of injuries and fatalities are 1740 and 64 for EF4 tornadoes, and 1150 and 158 for EF5
tornadoes, respectively. (Significance codes: 0 < ‘a’<0.001 < ‘b’ <0.01<‘c’<0.05<'d’<0.1< e’ <1).

Table 7-6. Basic model: Regression parameters, overdispersion parameter, AIC, and pseudo-R?
tests for negative binomial GLM for injuries and fatalities of moderate and strong tornadoes

Moderate Tornadoes Strong Tornadoes
Parameter Injuries Fatalities Injuries Fatalities

Estimate Std. Error Estimate Std. Error Estimate Std. Error Estimate Std. Error
LENGTH 4.189%¢-02* 4.650e-03 3.361e-02* 9.840e-03 | 1.447e-022 1.687e-03 1.986e-02* 2.056e-03
POP 1.252e-03* 5.903e-05 4.742e-04* 9.573e-05 | 3.527e-04* 1.272e-05 1.095e-04* 1.344e-05
EF1/EF3 2.0822 1.088e-01 2.476* 4.782e-01 1.2182 7.814e-02 1.7682 1.075e-01
Intercept -4.0092 9.438e-02 -7.5092 4.590e-01 | 3.214e-01* 4.939¢-02 -2.9422 8.575e-02
o 17.603 2.950 e-03 41.237 6.920 e-03 4.855 6.210 e-03 5.081 1.580 e-02

AIC 8582 - 867.4 - 17344 - 4173.2 -

R’ 0.47 - 0.57 - 0.25 - 0.55 -

The maximum number of injuries and fatalities are 238 and 25 for EF3 tornadoes, 119 and 6 for EF2 tornadoes, 50
and 2 for EF1 tornadoes, and 13 and 1 for EF0 tornadoes, respectively. (Significance codes: 0< ‘a’ <0.001 < ‘b’ <
0.01 <c’<0.05<d’<0.1<e’<1).

In order to compare the models developed here with a recently developed existing model by

Simmons and Sutter (2014), the projected fatalities for the selected violent tornadoes of 2011 were
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estimated as shown in Table 7-7. In this regard, the models in Table 7-5 and Table 7-6 were
regenerated by using the tornado dataset from 1973 to 2010 to be able to project the fatalities for

the 2011’s tornadoes.

Table 7-7. Comparison of projected fatalities for selected 2011 tornadoes based on the model in
Simmons and Sutter (2014) and the model in this study

Simmo(nzsoa]u:)i Sutter This Study (Model 1) Additional mfg/[néa:;;??)for This Study
State . Date  EF  Fatal. Standard 95%-CI 95%-CI

Est. AE® RE® | Est.  AE RE Deviation lower bound  upper bound
MS 4/27 5 13 10 333% ; 10 7 233 % 15.8 0 56
AL  4/27 4 6 4 2 33 % 4 2 33 % 5.7 0 20
AL 427 5 72 174 102  142% i 185 113 157% 2834 0 999
MS 4/27 5 23 13 10 43 % 12 11 48 % 18.8 0 66
AL 427 4 13 2 11 85 % 11 2 15 % 17.4 0 61
AL 4/27 4 14 14 0 0% 4 10 71 % 5.9 0 21
AL 427 4 64 10 54 84 % 63 1 2% 96.8 0 341
AL 427 4 1 4 3 300 % 2 1 100 % 3.7 0 13
MS 4/27 4 7 43 % 8 1 14 % 12.2 0 43
AL 427 5 25 28 3 12 % 14 11 44 % 21.7 0 76
AL 427 4 22 5 17 77 % 9 13 59 % 13.5 0 47
GTﬁ 427 4 20 9 11 55 % 5 15 75 % 8.3 0 29
AL 427 4 7 5 2 29 % 3 4 57 % 44 0 15
T™N  4/27 4 4 10 6 150 % 3 1 25 % 4.3 0 15
MO 522 5 158 48 110 70% 12 146 92% 19.1 0 67
OK 5724 5 9 36 27 300% | 23 14 156 % 35.5 0 125
OK 5724 4 3 2 200 % 3 2 200 % 4.2 0 15
AR 524 4 4 5 1 25 % 3 1 25 % 4.6 0 16

Mean Error: - 20.8 110% - 197 78 % - - -

*AE: Absolute Error; **RE: Relative Error

As shown in Table 7-7, although the mean absolute error in estimating fatalities for these tornadoes
was approximately the same (i.e., approximately 20 fatalities) for the model in this dissertation
and the model by Simmons and Sutter (2014), the mean relative error was 78% and 110%,
respectively. Moreover, the models in this dissertation are based on only three explanatory
variables while Simmons and Sutter (2014) and most typical models use more than 40 explanatory

variables. This is an advantage of the model developed here since methods such as AIC penalizes
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models that use larger numbers of explanatory variables when comparing fitted models. All the
fatality counts for the tornadoes in Table 7-7 are within the 95% confidence interval (CI), except
for the Joplin, Missouri tornado with 158 fatalities. Fatalities were underpredicted for the Joplin
tornado, which is no surprise since this tornado was the deadliest tornado in the U.S. since 1950.
The probability of 158 fatalities or more for this tornado is less than one percent based on the
model developed here and, unfortunately, difficult for any model to predict. If the population
within the Joplin tornado path estimated by the angular tornado path (i.e. 14,870 instead of 4,480
that was estimated using the straight tornado path) was used to project the number of fatalities, 25
fatalities were predicted for the Joplin tornado (with the upper bound 95% confidence interval of

137), which has the absolute error of 133 fatalities.

Model 2: Basic Model plus Time and Date

Previous studies have shown that timing affects tornado casualties (Simmons and Sutter, 2008;
2014). During peak tornado months, residents may pay closer attention to high risk tornadoes and
particularly the warnings, which in turn results in tornadoes being less likely to result in casualties.
Regarding the time of day, residents are less likely to be prepared and shelter for tornadoes after
midnight. In addition, during evening and night, residents are more likely to be in wood buildings
(since these make up 85% of the housing stock in the U.S.), than in less vulnerable buildings.
Therefore, combining these two factors, tornadoes at night are expected to have a greater potential
to cause casualties. Based on Simmons and Sutter (2008), a dummy variable SEASON was
considered to control for month of the year that tornado occurs and three dummy variables DAY,
EVENING, and NIGHT were used to control for time of the day that tornado occur. SEASON was
assumed equal to one for tornadoes during March, April, May, or June and equal to zero for

tornadoes in any other month. The dummy variable DAY is one if the tornado happens between
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0600 and 1759 local time, EVENING is one if the tornado occurs between 1800 and 2359 local
time, and NIGHT equals one for tornadoes between 0000 and 0559 local time. The variable
NIGHT was excluded from the models, therefore, the regression parameters for DAY and
EVENING indicates the relative effects of tornadoes at these times to the NIGHT. Table 7-8
compares the effect of using county-level and block-level data in regression analyses for Model 2

for injuries and fatalities of violent tornadoes.

Table 7-8. Model 2 for injuries and fatalities of violent tornadoes, county-level and block-level

estimations
Violent Tornadoes (County Level) Violent Tornadoes (Block Level)
Parameter Injuries Fatalities Injuries Fatalities

Estimate Std. Error Estimate Std. Error Estimate Std. Error Estimate Std. Error

LENGTH  6.542e-03®> 2.099e-03  8.108e-03* 2.075e-03 | 6.496e-03° 2.043e-03 9.126e-03* 2.041e-03
SEASON  -3.071e-01° 2.208e-01  1.650e-01°¢ 2.284e-01 { -4.514e-01¢ 2.216e-01 5.441e-02¢ 2.321e-01
DAY -8.803e-02°  4.646e-01 -6.684e-02° 4.842¢-01 | -2.979¢-01¢ 4.568¢-01 -1.351e-01°¢ 4.809e-01
EVENING -2.564e-01° 4.773e-01  9.265¢-02¢ 4.963e-01 { -3.187e-01°¢ 4.699¢-01 -7.295¢-02°¢ 4.940e-01

POP 1.057e-042  1.915e-05 5.387e-05° 1.863e-05 | 1.316e-04% 1.428e-05 6.828e-057  1.390e-05
EF5 1.229* 2.913e-01 1.814% 2.822e-01 1.413* 2.995e-01 1.854% 2.927e-01
Intercept 3.7582 4.520e-01  4.230e-01¢  4.714e-01 3.719* 4.434e-01 4.088e-01°¢  4.664e-01
o 2.506 2.830e-02 2272 4.510e-02 2.403 3.140e-02 2.210 4.950e-02
AIC 3353.1 - 1617.4 - 3009.7 - 1455 -
R 0.16 - 0.32 - 0.24 - 0.38 -

The maximum number of injuries and fatalities are 1740 and 64 for EF4 tornadoes, and 1150 and 158 for EF5
tornadoes, respectively. (Significance codes: 0 < ‘a’<0.001 < b’ <0.01<‘c’<0.05<'d’<0.1< e’ <1).

The models developed with block-level data have a lower AIC and a higher goodness of fit. As
shown in this table, timing variables (i.e. SEASON, DAY, and EVENING) are not significant
predictors for violent tornadoes based on their two-tailed p-value. The injury and fatality models
for moderate and strong tornadoes are presented in Table 7-9. Time of the day and month of the
year variables have substantial effects in predicting injuries and fatalities for strong tornado. Based
on the likelihood ratio test, Model 2 outperforms Model 1 for moderate and strong tornadoes, but
not for violent tornadoes. Therefore, one would have the choice of using Model 1 for violent

tornadoes and Model 2 for moderate and strong tornadoes.
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Table 7-9. Model 2 for injuries and fatalities of moderate and strong tornadoes

Moderate Tornadoes Strong Tornadoes
Parameter Injuries Fatalities Injuries Fatalities

Estimate Std. Error Estimate Std. Error Estimate Std. Error Estimate Std. Error
LENGTH  4.206e-02* 4.640e-03  3.515e-02*  9.479e-03 | 1.448e-02* 1.682e-03 2.041e-02*  2.000e-03
SEASON  -2.297e-01¢ 9.726e-02 -7.228¢-01" 2.700e-01 | -1.642e-01¢ 7.219¢-02 -3.801e-01* 1.096e-01
DAY -3.680e-01¢  1.660e-01 -4.302e-01°¢ 4.065e-01 { -4.107e-01* 1.175e-01 -1.0872 1.631e-01
EVENING -4.307e-01¢ 1.750e-01 -7.394e-01¢ 4.500e-01 | -4.278e-01* 1.224e-01 -6.839%-01? 1.676e-01
POP 1.243e-03*  5.880e-05 4.100e-04* 8.910e-05 | 3.527e-04* 1.267e-05 1.097e-04* 1.277e-05
EF1/EF3 2.075? 1.093e-01 2.4382 4.768e-01 1.2352 7.812e-02 1.8232 1.078e-01
Intercept -3.512¢ 1.845e-01 -6.629° 5.888e-01 { 7.891e-01* 1.182e-01 -1.966* 1.596e-01
o 17.458 2.970e-03 34.614 8.320e-03 4.811 6.280e-03 4.552 1.810e-02

AIC 8576.3 - 862.9 - 17328 - 4114.8 -

R’ 0.48 - 0.64 - 0.26 - 0.59 -

The maximum number of injuries and fatalities are 238 and 25 for EF3 tornadoes, 119 and 6 for EF2 tornadoes, 50
and 2 for EF1 tornadoes, and 13 and 1 for EF0 tornadoes, respectively. (Significance codes: 0 < ‘a’<0.001 < ‘b’ <
0.01<c’<0.05<d’<0.1<e’<1).

Model 3: Basic Model plus Property Damage

Having a model that links a life safety metric (e.g., tornado-induced casualties) to the number of
damaged housing units and their level of damage is significantly useful in community resilience
studies. The number of damaged housing units and their level of damage are two imperative factors
which might critically affect the number of casualties. However, the tornado database does not
provide any information about these factors. Moreover, finding an approximation for the number
of damaged housing units and their level of damage for each tornado is challenging and cannot be
done for a reasonable number of tornadoes to be used for a regression model. However, these
parameters can be inferred and replaced by the estimated property damage reported in the tornado
database. Therefore, Model 3 was developed here for applications in community resilience studies.
In this regard, only the tornadoes after 1996 in the dataset were used in the regression analyses
since estimates of property damage are available only for post-1996 SPC entries. The explanatory
variable DAMAGE was considered in Model 3 as the tornado property damage in millions of

dollars. Table 7-10 presents Model 3 for injuries and fatalities of moderate, strong, and violent
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tornadoes, while Table 7-11 presents an alternative model that also considers the timing effects in
predicting tornado casualties. Based on the likelihood ratio test, Model 3 with timing effects
outperforms the corresponding model without timing effects only for strong tornadoes. Therefore,
simpler models presented in Table 7-10 can be used for moderate and violent tornadoes when

property damage has to be considered as a predictor (e.g., in community resilience studies).

Table 7-10. Model 3 without timing effects for injuries and fatalities of moderate, strong, and
violent tornadoes

Parameter Moderate Tornadoes Strong Tornadoes Violent Tornadoes
Injuries Fatalities Injuries Fatalities Injuries Fatalities
LENGTH 3.204e-02* 4.936e-02* | 1.790e-02* 2.310e-02* | 6.543e-03¢ 1.211e-02*
DAMAGE  1.615e-01% 1.198e-03°{ 3.043e-02® 1.715e-02% | 7.326e-04¢ 7.375e-04¢
POP 1.228e-03* 4.043e-04* | 1.104e-04* -4.050e-05¢ | 1.315e-04* 2.664e-05°

EF1/EF3/EF5 1.920° 2.385¢® 9.756e-01* 1.633® 5.060e-01 ¢ 1.6022
Intercept -4.100? -7.7102 1.265¢-01¢ -2.822% 2.828* 2.900e-01 ©

a 22.356 16.835 4.526 5.118 2.334 1.572

AIC 5447.6 591.88 8341.1 2211.2 1215.7 638.99

R?, 0.49 0.72 0.33 0.60 0.32 0.55

The maximum number of injuries are 13, 50, 119, 238, 1740, and 1150 for EF0-EF5 tornadoes, respectively. The
maximum number of fatalities are 1, 2, 6, 25, 64, and 158 for EFO-EF5 tornadoes, respectively. (Significance codes:
0<a’<0.001<b’<0.01<Cc’<0.05<d’<0.1<e’<1).

Table 7-11. Model 3 with timing effects for injuries and fatalities of moderate, strong, and
violent tornadoes

Parameter Moderate Tornadoes Strong Tornadoes Violent Tornadoes
Injuries Fatalities Injuries Fatalities Injuries Fatalities
LENGTH 3.228e-02*  4.982e-02° | 1.857e-02* 2.451e-02°* | 8.003e-03¢ 1.312e-02°
DAMAGE 1.545¢-01*  1.063e-03¢ | 3.008e-02* 1.467e-02% | 7.728e-04¢  7.627e-04°¢
SEASON -1.552e-01°  -2.274e-01°¢ | -2.187e-01¢ -4.276e-01° | -3.369e-01°¢  2.440e-01°
DAY -2.287e-01°  -2.660e-01¢ | -4.926e-01° -9.019e-01* | -5.398e-01° -7.653e-01°¢
EVENING  -3.994e-01¢ -3.466e-01° | -4.325e-01° -5.100e-01° | -3.654e-01°¢ -3.859¢-01¢
POP 1.222e-03*  3.826e-04* | 1.050e-04* -2.241e-05¢ | 1.325e-04* 2.403e-05°
EF1/EF3/EF5 1.9222 2.371° 9.822e-01° 1.659% 6.183e-01° 1.6732
Intercept -3.742* -7.299* 6.474e-01° -2.004* 3.425¢% 6.409e-01 ©
a 22.202 16.129 4.455 4.651 2.286 1.506
AIC 5447.9 596.87 8329.7 2189.4 1218.8 641.43
R?, 0.49 0.73 0.34 0.64 0.33 0.57

The maximum number of injuries are 13, 50, 119, 238, 1740, and 1150 for EF0-EF5 tornadoes, respectively. The
maximum number of fatalities are 1, 2, 6, 25, 64, and 158 for EFO-EF5 tornadoes, respectively. (Significance codes:

0<a’<0.001 <D’<0.01<c’<0.05<'d’<0.1<e’<1).
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APPLICATION IN PSEUDO-NORMAN

Model 1 (i.e., the Basic Model) was applied to pseudo-Norman to estimate casualties for a
simulated tornado in pseudo-Norman. The mean, 5%-, 25%- 50%-, 75"- and 95™-percentile of the
expected number of casualties are shown in Figure 7-7 for tornadoes with different intensities in
pseudo-Norman. As shown in Figure 7-7, the mean values for the expected number of injuries are
0.08, 0.16, 2.03, 11.41, 35.49, and 150.89, respectively, after an EF0 to EF5 tornado in pseudo-
Norman and the corresponding mean values for fatalities are 0, 0, 0, 0.56, 2.48, and 18.52,
respectively. This information will be utilized later in the community-resilience-based design

(CRBD) methodology outlined in Chapter 8.
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Figure 7-7. The expected number of (a) injuries and (b) fatalities in pseudo-Norman after each
EF-scale tornado
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CHAPTER 8: COMMUNITY-RESILIENCE-BASED DESIGN (CRBD)

INTRODUCTION

The concept of resilient communities grows progressively and has gained the attention of
policymakers, community leaders, and stakeholders. This concept sheds light on the fact that some
level of failure is inevitable but can be mitigated and planned for to enable the community to resist,
absorb, and adjust to changing conditions as well as to return to a level of normalcy within a
reasonable time following a disaster in order to minimize socioeconomic consequences. In this
regard, a resilience assessment methodology needs a model that is expanded from component level
(i.e., considering an isolated component in the built environment) to the network level or
effectively to the community level. This model also involves (i) the interactions (i.e.,
dependencies) across components and networks for considering the cascading failures, (ii) the
spatiotemporal properties of components for realizing high risk areas within the community as
well as for managing timely actions after disruptions, and (iii) policies such as prioritization rules
of restoration and resource (e.g., material, labor, and budget) allocation for realizing the constraints
or for optimizing the policies. In fact, using such a model enables considering all four properties
of resilience (i.e., robustness, redundancy, resourcefulness, and rapidity) in a proposed resilience

assessment methodology.

Lin et al. (2016) and Wang et al. (2018) presented a disaggregation framework through an
optimization problem, which seeks performance objectives (or the best alternative construction or
retrofit type) for individual buildings that satisfy a predefined community-level goal based on the
percentage of the buildings within a community that become unsafe to occupy after a particular

hazard. They considered the physical performance of buildings in a block of residential buildings

133



in their analysis. The damage to buildings served as a proxy for continued occupancy of the
building, which was the community metric that was used as a proxy for community resilience.
Their approach focuses on robustness (as one of the resilience properties highlighted in this
dissertation), but does not address the other three properties of resilience, i.e., rapidity,

resourcefulness, and redundancy.

Reinhorn and Cimellaro (2014) and Cimellaro et al. (2015) proposed the concepts and a general
formulation for resilience-based design (RBD). The functionality of an individual structure is not
governed only by its own physical performance, but also by the performance/functionality of other
entities within the community. For example, a hospital in a community is non-functional without
electric power and/or water even if the structure itself is physically intact. Therefore, RBD
considers the interaction of all structures (i.e., components) and networks within a community to
model the functionality restoration for individual components and assess the desired community-
level resilience metrics. Moreover, RBD provides decision makers with a wealth of information
beyond those offered by current practices, which is critically beneficial to the selection of a cost-
effective design or risk-mitigation strategy that, simultaneously, satisfies the desired community-

level resilience objectives.

Mieler et al. (2015) introduced a conceptual framework that disaggregates community-level
resilience goals to specific performance targets for the networks and components within the
community. They illustrated the methodology by disaggregating the community-level resilience
goal of less than 1% probability of significant outmigration after an earthquake with a 500-year
return period to a performance target for new residential building construction. The results required
new residential buildings have less than a 5% probability of being unsafe to occupy following the

event in order to satisfy the specified community-resilience objective. As was noted in their paper,
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the example was only a simplified and generalized illustration of the concepts of the framework

without any detail.

Salem et al. (2017) proposed a simplified framework for resilience-based design at the building
level under blast loads and illustrated their proposed methodology with an application to an 11-
story administrative building. They introduced a functionality loss index and a resilience indicator
to quantify their resilience-based design framework. Although their framework considers direct
functionality losses to the building as a result of physical damage as well as the building’s
downtime following the event, it neglects the interactions of the building with the community (e.g.,
the effects of disruption of the transportation system on the restoration of the building) and,
therefore, the socioeconomic consequences of the event. Therefore, although their framework
satisfies the building-level resilience objectives of stakeholders, it is not necessarily sufficient to

meet community-level resilience objectives.

Zhang et al. (2018) presented a methodology for resilience-based design of networks under
disruptive events. Their proposed design process is an optimization problem with the objective of
minimizing the cost while meeting system resilience constraints. The capability of system
restoration in a timely manner after the occurrence of a disruptive event is a fundamental

characteristic of resilience-based design, which was effectively addressed in their methodology.

COMMUNITY-RESILIENCE-BASED DESIGN (CRBD)

In this dissertation, a methodology is presented for community-resilience-based design (CRBD)
of the components of the built environment within a community. The methodology disaggregates
several prescribed community-level objectives (including resilience objectives) into a set of

required performance targets for the components of the built environment (either the entire

135



community, a network, or part of a network). Moreover, the methodology can be implemented to
design an optimized recovery policy or to design the architecture of a network within a community

(e.g., adding redundancies to enhance the community resilience).

The methodology for the community-level analyses, presented thus far in this dissertation, are
summarized in Figure 8-1. As shown in this figure, a community-level resilience metric, i.e.,
population outmigration, as well as a community-level life-safety metric, i.e., tornado-induced
casualties, were formulated and quantified in this dissertation. These two metrics are linked
together based on the number of damaged housing units and their level of damage. The number of
damaged housing units and their level of damage are two imperative factors which can critically
affect the number of casualties. Therefore, improving the performance of residential buildings
decreases the level of damage and/or the number of damaged housing units, which, in turn,
decreases population outmigration and number of tornado-induced casualties. In fact, improving
the performance of residential buildings improves robustness and rapidity, two of the four
resilience properties, and decreases property damage, one of the parameters used in Model 3 in

Chapter 7 to predict the tornado-induced casualties.

Based on the community-level analyses methodology and the two community-level metrics
presented in Figure 8-1, acommunity-resilience-based design (CRBD) methodology was proposed
in this dissertation which is shown in Figure 8-2. This CRBD methodology can be performed by
using a multi-objective optimization algorithm, which disaggregates community-level objectives
into a required performance targets for the specified components of the built environment. In order
to perform the optimization approach, one or more competing community-level objectives such as
community-level sustainability metrics and repair/retrofit cost (the red boxes in Figure 8-2) need

to be employed along with the proposed metrics in this dissertation (the green boxes in Figure 8-2).
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The decision variable(s) in the optimization approach can be selected based on the resilience
actions shown in Figure 8-2 with the blue boxes. These blue boxes are connected with the blue
parts in Figure 8-1. For example, in order to improve robustness the fragility curves can be
enhanced, which, in turn, improves rapidity by decreasing the level of damage and, therefore,
lowering repair time. Redundancy can be improved by modifying the dependencies and cross-
dependencies in the community modeling or by adding back-up components for critical facilities
such as hospitals or police stations. Moreover, resourcefulness and rapidity can be enhanced
through the restoration process by defining better policies for resource allocation or restoration

prioritization rules.
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Chapter 4
Hazard Modeling:
1. Tornado path simulation
2. Find the in-path components
and associated EF intensities

Chapter 4
Spatial Damage Simulation:
o Find the damage level for
each in-path component

Chapter 7 (i.e., intrinsic failure status)
Measure:

1. Tornado Path Length ﬁ

2. Property Damage

3. Population Located in Chapter 5 Chapter 5

the Tornado Path Assign a repair time to each Find the extrinsic and
damaged component based | | functionality failure statuses
on its damage state for all community components

Figure 8-1. Overview of the community-level analyses proposed in this dissertation for the
community-resilience-based design methodology
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Figure 8-2. Community-resilience-based design (CRBD) methodology

In order to shed light on the proposed CRBD methodology, an extensive full analysis of pseudo-
Norman was conducted to seek a predefined goal for each population outmigration and number of
tornado-induced injuries and fatalities after an EF3 tornado in pseudo-Norman. In this example,
for simplicity, the percent change in the median of the fragility curves that were used for the
residential buildings in pseudo-Norman was considered as a decision variable while a myriad
combination of decision variables can be assumed (based on the required policies) when an
optimization analysis is conducted. As shown in Figure 8-3, after an EF3 tornado in pseudo-
Norman, the mean population outmigration, the mean number of injuries, and the mean number of
fatalities are equal to 919, 68.3, and 4.6, respectively. The values for these community-level

metrics can be decreased to 266, 35.7, and 2.1, respectively, by 25% increase in the decision
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variable. They can be further reduced into 167, 12.9, and 0.8, respectively, if 50% increase is
chosen for the decision variable. The estimated values of these metrics can be checked with the
predefined community-level objectives to find if they are satisfactory. It is worth mentioning that
the decision variables can be considered for each grid (or any specific area) separately in order to
have a more flexible problem and, subsequently, solutions. Moreover, recall that considering only
one sector/network to be upgraded for achieving community-level objectives may not result in a
desired solution in that different sectors/networks within a community may have some level of
contribution in the selected community-level metrics. For example, as discussed in Chapter 6 and
shown in Figure 6-6, all the residential sector, business sector, school network, electric power
network, and water supply network contributes in the assessment of population outmigration but

with different levels.

For predicting tornado-induced injuries and fatalities using Model 3 in Chapter 7, the property
damage that results from the simulated tornado needs to be estimated. In this regard, the median
house value for each grid in pseudo-Norman was derived from the U.S. census data and a cost

ratio was assumed for each damage level as the ratio of the repair cost to the median house value.
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Figure 8-3. Mean population outmigration, mean number of fatalities, and mean number of
injuries after an EF3 tornado corresponding to different performance change for the buildings in
the residential sector of pseudo-Norman
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CHAPTER 9: SUMMARY, CONTRIBUTIONS, AND RECOMMENDATIONS

SUMMARY AND CONCLUSIONS

In this dissertation, a methodology was proposed and explained in detail for community-resilience-
based design (CRBD) of the components of the built environment within a community. The
purpose of the CRBD methodology is to disaggregate several prescribed community-level
objectives (including resilience objectives such as population outmigration) into a set of required
performance targets for specified (or all) components of the built environment. The proposed
methodology can be further implemented to find an optimized recovery policy or to master-plan a

new community or network.

As a basis for the proposed CRBD methodology, a community-level physical-socioeconomic
analysis was discussed in detail in the chapters of this dissertation. The topology of an illustrative
community was discussed in Chapter 2 through several layers which are the networks/sectors that
make up the community. The dependencies and cross-dependencies across components and
networks were also discussed in this chapter. Moreover, tornado hazard was studied here not only
to illustrate the proposed methodology (including restoration analysis, i.e., Chapter 5, population
outmigration analysis, i.e., Chapter 6, and CRBD analysis, i.e., Chapter 8) but also to introduce a
methodology to develop tornadic fragility curves for the individual structures within the
community (Chapter 3), an approach to simulate tornado paths for the community-level analysis

(Chapter 4), and several models to predict tornado-induced injuries and fatalities (Chapter 7).

After modeling the community in Chapter 2, the properties of community components were
discussed and assigned in Chapter 3. In this regard, a tornado fragility methodology was presented

and the fragility curves were developed for several building archetypes as representative of the
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buildings in pseudo-Norman. Moreover, a repair time and permitting time was selected and
assigned to each community components for different damage levels. Furthermore, in Chapter 4,
an approach was discussed to simulate a tornado path statistically as well as the resulting spatial
damage over the community when the simulated tornado path strikes the community. Once the
intrinsic damage of community components were modeled, a restoration analysis was performed
for the cross-dependent networks/sectors until full restoration is achieved for the entire
community. For this purpose, Chapter 5 presents the details of the restoration methodology
including considering priority rules, resource allocation, mutual aid agreements among utility
companies, and the importance of considering cross-dependencies in the community-level

analyses.

The results of the restoration analysis for all the networks/sectors in pseudo-Norman were
integrated into a proposed socioeconomic resilience metric, i.e., population outmigration, in
Chapter 6. This chapter discusses the difference between the definition and formulation of the
currently existing population dislocation models and the proposed population outmigration model.
Moreover, the importance of cross-dependencies and contribution of different networks/sectors in
population outmigration were investigated in this chapter. Beside the community-level resilience
metric proposed in Chapter 6, a community-level life-safety metric was proposed for tornado
hazard in Chapter 7. This chapter introduces three models for predicting the number of injuries
and fatalities after tornadoes of prescribed EF intensity. In this regard, a methodology was
presented to combine the existing data from the U.S. tornado database and the U.S. census database
in order to develop a dataset that includes the number of people and housing units located in the

tornado path along with the other properties (i.e., tornado path width and length, tornado intensity,
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property damage, date and time when tornado occurred, etc.) for the recorded tornadoes in the SPC

database.

Finally, in Chapter 8, all the models and methodologies proposed in Chapters 2 to 7 were
implemented and integrated into a methodology for the community-resilience-based design
(CRBD) of the components of the built environment within a community. The CRBD
methodology was discussed with an example of the proposed metrics in this dissertation and

several recommendations were made to improve this methodology.

CONTRIBUTIONS

Tornado fragility methodology: a methodology was developed in this dissertation to generate
tornado fragility curves for individual structures. This mechanics-based fragility methodology
proposes two approaches to calculate tornadic wind loads based on the ASCE 7 methodology for

straight-line wind loads with certain modifications.

Tornado hazard simulation approach: a statistical simulation approach was proposed to model
a tornado path for different intensities in order to conduct community-level analyses. Moreover,

the approach was extended to simulate the resulting spatial damage over the community.

Restoration analysis methodology: a restoration methodology was presented to recover the
networks/sectors of an affected community, which facilitates the spatial and temporal depiction of
the restoration process. This methodology allows consideration of the effect of cascading failures
by modeling the dependencies and cross-dependencies across components and networks. Another
advantage of this methodology is its flexibility to apply different policies such as priority rules,

resource allocation rules, budget constraints, and mutual aid agreement among utility companies.
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Community-level socioeconomic resilience metric: population outmigration was defined and
quantified in this dissertation as a socioeconomic resilience metric at the community-level. This
metric is capable of being used as a community-resilience goal in that it represents coupled
physical-socioeconomic aspects of a community with the effects of dependencies and cross-

dependencies of the networks making up the community included in the analysis.

Community-level life-safety metric: three models were developed in this dissertation to predict
the tornado-induced injuries and fatalities following a tornado within a community. One of these
models links the metric to the number of damaged housing units and their level of damage, which
makes the model valuable for community-resilience studies. In fact, such a model is linked to other
metrics (e.g., population outmigration) that are also a function of the number of damaged housing
units and their level of damage. This provides additional information for policymakers and

community leaders for decision making.

Community-resilience-based design: a framework was developed in this dissertation to find a
set of required performance targets for the specified components of the built environment that
satisfy community-level goals including resilience goals. Moreover, the framework can be
implemented in analyses that supports risk-informed decision making in order to design master-
planned resilient communities as well as upgrade a community’s buildings and/or infrastructure to
make the community more resilient to future disasters. This could, for example, be used to
understand how to better isolate or decouple two or more sectors; establish redundancies; or decide
whether to focus on retrofitting schools in the public sector, businesses and residences in the

private sector, or (more likely) some combination thereof.
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RECOMMENDATIONS

Indirect economic losses: the population outmigration metric derived in this dissertation can be
further utilized to assess the indirect economic losses and to formulate a business continuity metric
for the community. This is because population outmigration and business continuity have an
inverse relationship. In fact, the return of households and businesses are mutually dependent such
that the return of households in the market area will increase the chances for businesses to return

and vice versa.

Community-level sustainability metric: developing a sustainability metric is a complement for
the proposed community-resilience-based design methodology in that it performs as a competing

objective against the resilience metric.

Community-resilience goal disaggregation: after developing one or more competing metrics, a
multi-objective optimization algorithm can be implemented to disaggregate several community-
level goals into a set of performance targets for the components of the built environment. These
components can be school buildings in the school network, workplace buildings in the business
sector, residential buildings in the residential sector, components in the EPN or WSN, or some

combination thereof.
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