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Abstract

Towards resilience with simulations for accessing recovery of critical infrastructure systems
from natural hazard damage

by

Millard Louis McElwee

Doctor of Philosophy in Engineering - Civil & Environmental Engineering

University of California, Berkeley

Professor Kenichi Soga, Chair

As communities continue shifting toward urban lifestyles in the future, the impact of natural
disasters grows significantly. This is because, while economic vitality should be an important
factor for any population, an urban community offers a centralized location for people,
vehicles, assets, and infrastructure to become quickly overwhelmed in the event of a disaster.
After an event, communities must sustain resources (energy, transportation,communication,
food, etc.) while adapting to and recovering from adverse economic, geographic, and climate
related catastrophes. A global analysis on 616 of the world’s largest metropolitan areas
exposed to flooding, wind hazards, earthquakes, and other disasters found that building
cities more resilient is the priority. In the future, communities must be prepared to deal
with multiple hazards.

Community resilience planners must coordinate hazard preparedness: prevention, mitiga-
tion,protection, response, and recovery. Impacts from extreme wind hazards remains a pri-
mary cause for last mile distribution systems failures of above ground electric power and
telecommunication networks. Chapter 3 extends previous analysis developed by researchers
at the Center for Risk Based Community Resilience Planning, led by Colorado State Univer-
sity by implementing a new infrastructure (telecommunication) and developing a restoration
prioritization strategy. For new and future construction, resilience planning includes land
use, codes and standards, and performance objectives related to the role, service, or function
of the system in the community, including their recovery after disruptive events.

With communities continuing to shift towards living in urban areas, the threat of wildfire
in-creases near the wild-land urban interface. This concentration of human built structures
and infrastructures are near areas prone to wildfire. Chapter 4 extends on work published in
2019 by using agent based modeling of large scale transportation networks to implement two
dynamic traffic simulations as opposed to a static simulation. In evacuation transportation
literature, dynamic traffic simulations are typically chosen for their ability to model conges-
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tion which is crucial for understanding community travel patterns. Six in person field trips
were taken to the fire impacted region to obtain crucial information for recreating network
dynamics (road closure, background traffic, and green light ratio).The field trips were inte-
gral in developing a preliminary timeline and identifying critical decision points in response
operation. Interviews with key stakeholders such as the mayor’s office, fire department, law
enforcement, and engineering services provided many responses that became inputs for the
model.

Located near the mouth of the Mississippi River, New Orleans is known for its inequities
among racial groups. Hurricane Katrina was a call to action for government and industry
organizations the disastrous effects of inadequate support for vulnerable populations during
and after a hazardous event. Prior to Hurricane Katrina in 2005, African Americans have
long been viewed as disenfranchised and responsible for bearing more environmental conse-
quences of natural hazards than there fellow residents. Much scholarship exists on examining
the impact of natural hazards to communities like New Orleans. Chapter 5 is focused on
quantifying the disproportionate impact groups such as African Americans have when fac-
ing natural hazards such as flash floods, hurricanes, and coastal erosion. This research also
contributes to the understanding of how shelter locations may negatively impact work trip
flows after a significantly disruptive event.

After the introduction in Chapter 1, Chapter 2 presents a literature review on community
resilience, environmental justice,and street network analysis. These topics are studied to
define current knowledge and substantive finds as well as situate this work’s contribution
to existing knowledge. The origin, evolution, and issues of environmental justice that have
plagued New Orleans are summarized in the literature review to set the motivation for work
in Chapter 5. Multiple open source platforms and models are used to analyze resilience
metrics for communities.
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Chapter 1

Introduction

As communities continue shifting toward urban lifestyles in the future [178], the impact of
natural disasters grows significantly. This is because, while economic vitality should be an
important factor for any population, an urban community offers a centralized location for
people, vehicles, assets, and infrastructure to become quickly overwhelmed in the event of
a disaster [1]. After an event, communities must sustain resources (energy, transportation,
communication, food, etc.) while adapting to and recovering from adverse economic, geo-
graphic, and climate related catastrophes. A global analysis on 616 of the world’s largest
metropolitan areas exposed to flooding, wind hazards, earthquakes, and other disasters found
that building cities more resilient is the priority [150]. In the future, communities must be
prepared to deal with multiple hazards.

Wind hazards such as tornadoes typically have smaller geographical impacts compared
to earthquakes and hurricanes. However, in the U.S., wind hazards occur at a much higher
frequency and cause more deaths than both earthquakes and hurricanes combined [98]. In
2019, a total of 1,520 tornadoes made landfall in the U.S. [127]. The Joplin tornado, which
occurred on May 22, 2011, offers valuable insight on the destructive strength an EF 5 rated
tornado caused, killing 161 residents in Joplin, MO. The effects of various tornado scenarios
on Joplin have been well studied [12]; however, little research exists on the impact of a
tornado on telecommunication networks to communities likely to experience them.

Environmental conditions are increasing the frequency and severity of wildfires [91]. As
populations move into areas prone to wildfires [134], social and economic losses escalate ex-
ponentially [123]. These wildfire-prone environments are known as wildland urban interfaces
(WUI) where communities live near vegetative and structural ignition sources that can arise
out of natural (e.g., lightning strikes) or human-made (e.g., campfires, downed power lines,
arson) events [45, 115]. The Oakland Hills fire of 1991 offers an illustrative example of how
in approximately 30 minutes, communities can be decimated from deadly wildfires. This
wildfire set into motion a national debate on the need for additional fire evacuation research
[42]. Trying to contain a wildfire with the capacity to create multiple new ignition points
does not have an obvious solution. The Camp Fire, which began on November 8, 2018,
provides an instructive case study of the size, scale, and costs of wildfire risk in Paradise,
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California. Paradise, CA is a town in Butte County in the Sierra Nevada footfills with a
population of 26,218 [49]. The town was thrust into national spotlight when a fire sparked
from a transmission line and took 17 days to contain. The sequence of critical decisions led
to Paradise’s transportation infrastructure being overwhelmed may offer insight into similar
communities with limited evacuation options.

Approximately 70 percent of the Earth’s surface is covered by water [132], causing lakes,
rivers, streams, and oceans to play an integral part in any community’s resilience near a
large body of water. Over the next several decades, climate change will generate increased
rainfall and sea-level rise in urban areas, requiring complex and expensive improvements to
our water system [11, 18]. This can be a difficult feat for a community, given most cities are
intentionally founded near or around a water source. The Greater New Orleans Metropolitan
Area in southeastern Louisiana is one such community which consists of eight parishes (St.
James, St. John the Baptist, St. Charles, Jefferson, St. Bernard, Orleans, Plaquemines,
and St. Tammany), with approximately 1.3 million residents. These communities share a
home at the Mississippi River’s mouth, one of the most important rivers in the US, which
is responsible for draining 40% of the continental US [50]. Some areas in New Orleans are
as low as 8 feet below sea level, and recent natural hazards such as Hurricane Katrina have
proven levees and pumping will not solve the problem. New Orleans’ traffic network size,
geography, heterogeneity, and susceptibility to natural hazards such as coastal floods, flash
flooding, hurricanes, etc., make it an ideal location to investigate how demographics affect
travel patterns.

Predicting community resilience draws upon research from network science, economics,
social science, traffic modeling, environmental justice, hazard analysis, and urban environ-
mental design. The research hypothesis of this study is, by using the results of open
source computational simulations, community resilience planners can learn the relationship
between resilience metrics and economic and social benefits. Community resilience metrics
are proposed using open source simulators: Open Traffic Models, CB Cities, and the Center
of Excellence for Risk-Based Community Resilience Planning’s Interdependent Networked
Community Resilience Modeling Environment (IN-CORE). In this study, these simulations
provide quantifiable community resilience strategies at the regional scale after various nat-
ural hazard scenarios. This study aims to present several community resilience simulation
best practices applicable across a variety of hazards and infrastructures.

Results from three case studies are presented in Chapters 3, 4, and 5. The scale of
analysis for all three case studies are regional (city, county, parish, etc). The first case study
generates repair times for telecommunication distribution and transmission infrastructure
in Centerville, a virtual community. The second case study explores the impact of traffic
signals, road closures, and bottlenecks in Butte, CA in response to the Paradise Camp
Fire. The third case study analyzes the inequities in transportation work trips for New
Orleans residents feet below sea level. Although methodology, location, and infrastructure
vary by chapter in this study, the simulations provide communities with a framework for
understanding hazard impacts on infrastructure components.
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1.1 Background

There are several key concepts used in the study that are integral to understanding the anal-
ysis done in the three case studies. These concepts are related primarily to transportation
modeling (traffic assignment, demand, conservation of vehicles, etc.) and network centrality.
Deriving community resilience metrics for transportation networks require some fundamen-
tal knowledge of system transportation dynamics. This background section offers readers
additional context into why a a static simulation may be selected over a dynamic simulation,
and a common methodology used in generating trips given the lack of publicly available
data. The next major theme that is connected throughout all the analysis is understanding
network characteristics through how well edges are connected to nodes.

1.1.1 Transportation Modeling

The four-step transportation modeling paradigm [80] is given below, and its origin can be
traced back to the seminal works of Robert B. Mitchell and Chester Rapkin in the 1950s
[119]:

1. Trip Generation: The number of trips originating from a traffic analysis zone (TAZ)
based on socioeconomic and land use data (i.e., origins).

2. Trip Distribution: The number of trip destinations based on zonal attraction, travel
impedance, or other metrics for generating a trip, tour, or activity (i.e., destinations).

3. Mode Choice: The prediction of trips based on transportation modes (car, public
transit, ride-share, etc.)

4. Route Assignment: Determines the route associated with each origin and destination
and available network geography (i.e., all or nothing, user equilibrium, system opti-
mum).

Traffic assignment models forecast network flows based on input scenarios and generates
travel time at the link level. Additionally, traffic assignment is integral in selecting mode
choice and trip distribution. There are two main traffic assignment approaches: the current
dominant static paradigm and the dynamic modeling paradigm. In the static traffic assign-
ment model, performance functions such as the Bureau of Public Records (BPR) are used
to model congestion. The Bureau of Public Records functions do not take into account the
physics of automobiles building up over time. Instead traffic flow is assumed to follow a
predefined curve based on the volume of vehicles on the network. A dynamic traffic assign-
ment model applies a temporal characteristic to congestion by capturing queues’ dynamics
and spill backs (the blocked vehicles as a result of the traffic light or some other disturbance
preventing progress). In this study, dynamic traffic simulations are used to model the travel
time of all agents in the simulation for both studies whose mode of transportation is a vehicle.
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Demand

Travel demand, which is the frequency and mode of travel under specific conditions, is
typically generated from land use and socioeconomic data [70]. Forecasting future demand
requires the ability to generate information concerning the future state of a transportation
system. The impact of mode choice has been studied in evacuation modeling [3]; however, this
analysis’s only mode choice is automobile. When transportation is accessible, automobiles are
the primarily method used in no-notice and short-notice evacuation events such as wildfires
[180]. Evacuations pose a great risk to vulnerable populations like those of New Orleans
and other communities whose residents do not own vehicles; over 100,000 people in the New
Orleans Metropolitan area did not have access to reliable transportation when Katrina made
landfall [145].

The three main types of demand generation are trip-based, tour-based, and activity-
based. A trip-based model is comprised of a single trip such as from home to work. A
tour-based trip includes a sequence of trips such as from home to work and from work to
shopping. Finally, an activity-based model is a daily or weekly recording of trips for everyone.
The computation time required to run these analyses grows with the Origin Destination (OD)
Matrix’s complexity. Most travel surveys are trip based, which makes finding data for tour-
based and activity-based data limiting. To address this challenge, publicly available data of
home to work trip flows (from Census Transportation Planning Package (CTPP)) are used in
Chapter 4. A combination of CTPP data and StreetLight Data, a paid big data platform for
transportation planning, is used in Chapter 5. Figure 1.1 depicts a graphical representation
of the four-step process.

Figure 1.1: The four-step transportation modeling process. [80]

Commuting Trends

Census data from the CTPP is a cooperative arrangement with the state Department of
Transportation (DOT) and the U.S. Census Bureau to provide transportation planning and
analysis. This data is analogous to travel data like the California Household Travel Survey;
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however, CTPP data is more frequent than every ten years. The data includes demographic
characteristics, home, work locations, and journey to work travel flows. This information
can be queried from the state down to census tracts for geographies of interest. For those
communities willing to pay for transportation big data; StreetLight Data may be a viable
option. StreetLight has contracts with several state DOTs and is capable of providing a
range of metrics to include Annual Average Daily Traffic (AADT) counts, demographics,
origin-destinations, top routes, and trip purposes, to name a few. In this study, CTPP data
is used to generate work trip flows between census tracts, and then StreetLight is used to
informally compare CTPP and StreetLight travel time between census tracts for work trips.

Conservation of Vehicles

In the final step of the four-step transportation modeling process, route assignment, momen-
tum conservation must be applied. This requires that no vehicles are created or destroyed
as flow propagates throughout the network. Flow propagation exists at three scales: macro-
scopic, microscopic, and mesoscopic. Macroscopic traffic flow models traffic as a continuous
compressible fluid on a coarse, static scale. Vehicle flow in a macroscopic model is repre-
sented as a fluid neglecting the interactions of stop signs and traffic lights. On the opposite
end of the scale, microscopic traffic flow models traffic using detailed behavior at traffic in-
tersections such as car-following and lane changing. Mesoscopic traffic flow models maintain
individual vehicles, but traffic sub-link dynamics such as speed and density are averaged.
In this study, a mesoscopic traffic simulation is selected for analyses given the size of the
transportation network and the ability to generate trips near real time.

1.1.2 Centrality as a Measurement of Resilience

The concept of centrality originated in graph theory to calculate a nodes importance in
a network relative to other nodes [23]. Centrality has also been applied in resilience to
calculate a nodes criticality or redundancy, impact of removing a node from a network.
This fundamental concept can be used to preliminarily access a transportation network’s
connectivity. Downtown’s in U.S. cities are typically located in the city center and are
well connected to other regions. However, this can vary depending on the architecture,
year, and other factors specific to the communities evolution over time. Understanding how
centrality varies across a community can offer insight into areas that may be more resilient to
disruptions in the network such as flooding or fire. In addition to calculating the centrality
of nodes, centrality of links or roads are calculated and visualized for all three case studies.

Centrality

Infrastructure networks studied in the following chapters are represented as mathematical
models via a graph. A Graph G (N, E) consists of a set of nodes, N, connected via links
or edges, E. Networks that intersect at the node in two dimensions are planar; else, they
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are nonplanar. A multigraph is a graph which has multiple parallel edges, where two nodes
can be connected by more than one edge. Thus, the infrastructure networks (transportation,
electric power, and telecommunication) are presented as nonplanar directed multigraphs with
possible self-loops. The methods used to represent the hazard impact on the graph vary,
but the fundamental topology of the networks are the same. Centrality is a measurement of
node importance by quantifying how connected a node is to every other node.

1

2

3

4

5

6

Figure 1.2: Two way directed graph network with edges and nodes

Figure 1.2 is an example of a small graph network. Based on the definition of centrality,
node 3 would have a higher value than all other nodes based on its connectivity. Breaking
node 3 would have a more significant overall impact on the network than removing any other
single node in the system. Equation 1.1 is used to calculate degree centrality (DC) of matrix
A, also known as nearest neighbor, and Equation 1.2 is the normalized value. The row i and
column j of matrix A are summed to get a representation of network connectivity.

DCi =
∑
j 6=i

Aij (1.1)

DC∗i =
1

n− 1
∗DCi (1.2)

The following matrix shows the connectivity of the two-way directed graph in Figure 1.2
which can be used to calculate the degree centrality. The top row contains all the columns
and the leftmost column contains all the rows. This figure can be viewed as a simplification
of a two directional street network or worker network. The degree centrality for node 3 can be
calculated by the sum of row 3 and the sum of column 3, which equals 8. Similarly the degree
centrality of node 6 can be calculated as 4 by summing the row 6 and column 6 in the matrix
below. From this simple analysis we may conclude that link 3 is twice as crucial in terms
of connectivity of the network. Additional centrality metrics such as edge/link centrality,
betweeness centrality, and pagerank are later explored to evaluate network performance.
The matrices used to represent networks can grow exponentially depending on the number
of links and nodes in a network. The transportation networks modelled in the three case
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studies have tens of thousands of links and nodes making there calculation complex; however,
interpreting the results remains the same.∣∣∣∣∣∣∣∣∣∣∣∣∣∣

1 2 3 4 5 6
1 − 1 1 1 0 0
2 1 − 1 0 0 1
3 1 1 − 1 1 0
4 1 0 1 − 1 0
5 0 0 1 1 − 1
6 0 1 0 0 1 −

∣∣∣∣∣∣∣∣∣∣∣∣∣∣
1.2 Research Objective

The research objectives of this study are as follows:

• Implementation of community resilience frameworks for telecommunication networks
exposed to hazards. Resilience metrics for telecommunication recovery to tornado
hazards is studied. This work extends on the Centerville virtual community by con-
structing and testing another interdependent critical lifeline for communities. The
expected outcome is telecommunication network recovery is significantly dependent on
electric power network resilience.

• Perform mesoscopic dynamic traffic simulations to evaluate and prioritize trade-offs
among metrics in developing sustainable resilience for communities exposed to wildfire
evacuation in Paradise, CA. These metrics for Paradise residents include green-light
ratio and road closures. The expected outcome is green light traffic control is more
important for evacuating Paradise than road closures.

• Perform mesoscopic static traffic simulations of the interaction between infrastructure
and the trade-offs among metrics in developing sustainable resilience for vulnerable
communities exposed to flooding scenario in New Orleans, LA. Disparities in trans-
portation and recovery are quantified for the most vulnerable communities in New
Orleans. The expected outcome is African Americans face greater barriers when com-
muting to work under typical and flooding hazard scenarios.

• Synthesize the above three case study results and discuss the findings to examine the
validity of the overall research hypothesis.

1.3 Outline of the Dissertation

The dissertation is composed of six chapters including this introductory chapter:
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• Chapter 1 introduces the motivation for the three hazards (tornado, fire, and flood)
analyses throughout the dissertation. Given the variety in hazards and models used,
some background information is provided to gives larger context into these complex
systems. The research hypothesis is presented, and the following chapters seek to prove
this claim.

• Chapter 2 is the literature review of the state of natural hazards research, environmen-
tal justice, and Street Network Analysis. Each of these topics plays an integral role
in creating resilience metrics of a community. The intersection of this research is the
motivation for chapter 5 and the work that builds up to it.

• Chapter 3 presents a community resilience decision support tool for networks exposed
to tornado hazards. A framework is recommended for interdependent telecommunica-
tion networks, and the tornado hazard is tested in the IN-CORE environment. The
economic cost to recover the community is simulated, and a recovery prioritization
algorithm is proposed.

• Chapter 4 discusses transportation infrastructure criticality by observing the lessons
learned from the 2018 Paradise Camp Fire, a dynamic simulation is used in this analy-
sis. The green light ratio is varied at a crucial intersection to see the impact on traffic
flow. Evacuation scenarios for various road closures are also studied. The largest bot-
tleneck is identified and recommendations for no-notice and short notice evacuations
are summarized.

• Chapter 5 expands on techniques introduced in Chapter 4 with a case study of New
Orleans. Unlike Chapter 4, a static simulation is used in this analysis. Additional
travel time and lost work hours are quantified for communities of color exposed to
flooding under various evacuation scenarios.

• Chapter 6 reviews closing remarks on this dissertation and give recommendations for
future research directions.



9

Chapter 2

Literature Review

This chapter provides contextual evidence in the form of a literature review. The topics
explored are (1) community resilience, (2) environmental justice, and (3) street network
analysis. Differentiating a natural hazard from a natural disaster is first and foremost.
Natural Hazards: Explanation and Integration defines the term natural disaster as utilized
only after a geophysical event occurs [122]. It is during this time, the damage is assessed
if the event has a large impact on the society. However, this is all subjective as a result of
there being no scale to define whether the event has significantly disrupted the normal flow
of society. Community resilience allows for the growth and adaptation of a community after
a natural hazard. Environmental justice is critical to understanding the impact of increased
recovery times to certain populations disproportionately impacted by those natural hazards.
In chapters 4 and 5, traffic simulations are studied to identify community resilience of street
networks exposed to natural hazard impacts. These topics form the foundation of background
knowledge needed to understand the relevance of the analysis conducted in chapters 3, 4,
and 5.

Prior to defining a climatic or geological event as a natural disaster, the occurrence is first
categorized as a natural hazard. The use of the term natural hazards implies the occurrence
of a potentially damaging natural phenomenon [8]. This particular event has manifested
itself in such a fashion to impact not only the environment but human begins that are a part
of the environment. A natural hazard has potential long-term impacts on the defined space
at a particular time. A hazard can also be applied to a large variety of events including:
atmospheric, hydrologic, geologic, biologic, and technologic [122]. “Hazards are the result
of sudden changes in long-term behavior caused by minute changes in the initial conditions
[149].

The term natural disaster is utilized only after the event has transitioned from a potential
to an actual [122]. Then the societal impact and damage can be adequately assessed [8].
Over time there have arose many definitions of natural disasters. In 1960 natural disasters
were collectively defined as “uncontrollable” events a society experienced as a result of the
powerful force of nature [67]. The “uncontrollable” event reinforced the defenseless position
of society, and defining a disaster as a serve and sudden disruption of a social system which
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the system has no control [17]. In 1992 International Decade for Natural Disaster Reduction
(IDNDR) defined a disaster as ”a serious disruption of the functioning of a society, causing
widespread human, material, or environmental losses which exceed the ability of affected
society to cope using only its own resources [55]. Disasters are often classified according to
their speed of onset (sudden or slow), or according to their cause (natural or man-made)
[55]”. Differentiating a hazard from a disaster may appear to be subjective, as a result
of no tangible scale to quantify the disruption experienced by the normal flow of society.
However, the major difference is the state of potential versus actual. A disaster is event
driven. Therefore, if the event does not happen it can only be classified as a hazard. For
example, a Hurricane that does not make landfall.

In any instance, societal communities must be well equipped to handle a hazard or a
disaster. The term hazard and disaster should not be used interchangeably. Specifically,
previous natural disasters will be analyzed to help gain a deeper understanding of potential
natural hazards that have to power to disrupt societal norms of a specific space during a
specific time. The act of researching natural hazards is not a new field of study; however,
this area of research has steadily become more popular as more natural disasters occur. In
2018, a push for more natural hazard research became apparent when the Geoscience journal
re-organized itself to include a section on natural hazards. The purpose of this section was
to publish research (pure, experimental, or applied), aimed at ”advancing methodologies,
technologies, expertise, and capabilities to detect, characterize, monitor, and model natural
hazards and assess their associated risks” [167]. This debut section would include papers from
a large array of topics including but not limited to the trends of natural hazards research, the
role of “Big Data” in natural disaster management, assessment of natural hazards exposure,
climatic hazards, hydro-metrological hazards, and scientific analysis of past disasters [167].

All-natural hazards can be separated into two categories: hydro-metrological and geo-
morphic. Natural disasters such as hurricanes and flood are hydo-climatic, and hazards such
as erosion, earthquakes, and volcanic activity are geological [61, 36, 177]. While the number
of research items has increased over time, these research topics tend to heavily focus on
the floods, earthquakes, storms, and droughts [167]. Although these trends seem to vary
dependent upon the country. The geographical location is an important aspect to consider
when judging the current state of the natural hazards research. Researchers’ tend to have
more motivation to delve deeper into events that are a potential threat to the society they
find themselves in. Additionally researchers find analyzing previous disasters help under-
stand potential natural phenomena of the future [61]. Furthermore, researchers must search
for the necessary information for their field of study. This is why gathering accurate data
is key for successful natural hazard studies, and research topics would not be possible nor
successful if sources were not able to centralize the necessary information. These sources, or
data reservoirs, also known as ”Big Data,” play a crucial role in the current state of natural
hazard research [183].

It is important to explicitly define the phrase “Big Data” as the integration of diverse
data sources and the capability to use the data (usually in real time) to benefit the population
and society faced with a given disaster [183]. Data such as the sedimentary geographical
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history or even videos of firsthand encounters via various social media platforms. The idea
is to use “Big Data” to extract valuable and reliable information that can then be used
simultaneously with other larger databases, such as census, to help properly apply to the
disaster management cycles phases: mitigation, preparedness, responses, and recovery. Due
to the nature of the term Big Data, there is not exact criteria or definition. Big Data
goes beyond the datasets regardless of size [183]. Big Data is a key component in both
natural hazards and natural disaster research. Leveraging the complete ecosystem of Big
Data is crucial to accurately understanding potential hazard mitigation methods such as
machine learning and cyber-infrastructure. Big Data, when used properly, can detect and
monitor natural hazards, mitigate potential effects of hazards, help assist in relief efforts, and
contribute to the architecture of the reconstruction process [183]. Natural hazard research
and big data are growing simultaneously and parallel to one another.

In 2019 Giuffrida et. al. found that focusing on the seismic vulnerability in small inland
urban cities was just as valuable as its densely populated counterparts [73]. By extrapolating
data pertaining to the typical, constructive, and technological features of buildings, analyzing
possible damage as a result of earthquakes, and defining cost modelling tools to define trade-
offs between the cost and available budgets, it was possible to define human and urban
capitals that were vulnerable as a result of a natural hazard [73]. This multifaceted body of
research helped emphasize just how interdisciplinary natural hazard research is. For example,
the seismic amplification varies dependent upon the soil conditions, therefore in simulations
for potential future hazards not only is it crucial to have a history of the natural hazards,
but the geological history must be available as well to ensure successful predictions and
preparedness.

When any disasters take place, they have already captured the public’s attentions, and
natural hazards are no exception. Natural curiosity leads to questions of the cause of the
event, thus launching an investigation to find a root cause. Investigating a natural disaster
may not result in a guilty party. However, investigating the cause of the event will provide the
public with an objective and evidence-based description that could potentially help mitigate
potential future natural hazards [97]. Additionally, scientific investigations help advance
the field of research and improve disaster management. An excellent example of a scientific
investigation is the Oroville dam in California, USA. This particular hazard occurred under
standard operating conditions. Independent forensic research and hydroclimatic analysis
concluded that the occurrence happened mostly likely as a result of a structural problem and
detrimental geological conditions, a combination of nature and human error. The information
generated during this investigation would help enhance future flood control methods by
ensuring additional flood control design and dam inspection procedures [97].

Vulnerability plays a major role when determining how natural hazards potentially will
impact the economy and society. Once a natural disaster had occurred, it is extremely
difficult to begin addressing the devastation. Therefore, addressing potential system vul-
nerabilities in advance is crucial to help establish redundancies prior to the event and help
expedite the recovery time necessary. Take the intricacies revolving around electricity into
consideration. If a natural hazard causes a natural disaster and electricity utilities and
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infrastructure are compromised, power supply interruptions can influence the stability of
electricity transmission systems [88]. In situations such as this Big Data can play a major
role. For example, a mathematical model revealed a need for more development of coordi-
nated policies and risk management tactics to help alleviate the impact of electrical outages
that could potentially impact millions of members of society, and directly cause economic
losses in the impacted region. A trickle-down effect where not only individuals’ physical
realities are altered, but so are their mental states. This why preparedness from all angles
is critical. Natural hazards come in a plethora of forms, and using tools such as Big Data,
forensic investigations, and mathematical models can help mitigate the impact of the nat-
ural phenomena. This field of research is continuously developing as new technologies and
information become available.

2.1 Community Resilience

Communities need to be resilient to minimize the damaging effects of hazard events and
subsequent recovery. As populations shift towards urban lifestyles, the impact of disruptive
events to critical infrastructure systems (buildings, transportation, energy, communication,
water, and wastewater) increases substantially when the infrastructure is centrally located
and lacking redundancy. The capacity of the system can quickly become overwhelmed due to
natural disasters (e.g., Northridge Earthquake of 1994, Hurricane Katrina in 2005, Joplin tor-
nado in 2011, Hurricane Sandy in 2012), terrorism (e.g., 1995 Oklahoma City Bombing and
2001 World Trade Center Attack) and accidents (e.g., 2018 Paradise Camp Fire). Commu-
nity resilience concepts and frameworks defined in this section are implemented throughout
this study and the following chapters.

The definition of resilience is often traced back to the seminal works of Holling [82], who
defined resilience as the ability of an ecological system to absorb variations and disturbances
while bouncing back from external stimuli. This original definition has been viewed as too
limiting because it focuses on returning to an ”equilibrium state” after a disastrous event.
This can lead to recreating vulnerabilities by not systematically addressing the root cause in
anticipation of future disturbances [117, 136, 92]. In 1978, Gordon [75] expanded the term
to physical structures by defining resilience as the ability to absorb strains and deflections
without deformation; however, the concept was not used in connection with hazards or
disasters until 1981 [160]. Empirical, conceptual, and theoretical resilience frameworks have
been studied across ecological, physical infrastructure, social, organizational, and economic
systems [51, 116, 53, 125, 126]. Over the last decade, some resilience evolution reviews have
taken place [20, 107, 86]. Specifically, Hosseieni et al. [86] characterized resilience in terms
of four domains: organizational [83, 155], social [5, 46], economic [147, 108], and engineering
[29, 130, 56].

Post-2000, experts began emphasizing human and the social factor of resilience [5, 133,
29]. In 2003 Bruneau et al. [29] developed a comprehensive conceptual framework focusing
on social units (organizations, communities) that are resistant to seismic hazards, rapidly



CHAPTER 2. LITERATURE REVIEW 13

recover, and mitigate the future impact through adaptation. This model is known as the
resilience triangle model and has four essential attributes of resilience. The attributes, also
known as the four Rs: (i) Robustness is the ability of systems to resist stress without
losing functionality. (ii) Redundancy is the extent to which systems can satisfy functional
requirements during a hazardous event. (iii) Resourcefulness is the capacity to identify and
triage problems during a disaster by prioritizing and allocating material (i.e., money, food,
information, and technology). (iv) Rapidity is the speed at which a system can to return
to functionality after a disaster. This definition offers a blend of engineering vulnerabilities
(insufficient building codes) and social vulnerabilities (self-organization); mathematically,
rapidity (R) is defined in equation 2.1 as

R =

∫ t0

t1

[100−Q(t)] dt (2.1)

where Q(t) is defined as the system’s quality or functionality, t0 when the event occurs, t1
the time when the system is completely repaired. Additionally, Bruneau et al. developed
four interrelated dimensions: technical, organization, social, and economical. The technical
dimension describes a physical system’s ability to perform at a minimal acceptable capacity
during a disaster. The organization dimension refers to an organization’s (e.g., government
and emergency response agency) ability to exhibit robustness, redundancy, resourcefulness,
and rapidity during a hazardous event. The social dimensions focus on reducing the extent to
which hazards negatively impact communities and government such as housing [47]. Finally,
the economic dimensions refer to the direct and indirect monetary cost resulting from the
hazard. Later in the chapter, network restoration statistics are calculated based on system
functionality similar to Bruneau et al.

Miles and Chang also developed a conceptual framework for community households,
businesses, critical infrastructure, and neighborhoods. In their studies, the framework was
applied to investigate the relationship between operational levels (business income, household
income, building construction year, and building retrofit year, etc.). The model is composed
of five types of interrelated principles: (1) time, (2) agent attributes, (3) interaction, (4)
space, and (5) policy . Dynamic or temporal effects refer to the changes in the system
over time. Agent attributes may include demand type for a business (locally, size, traffic).
Interaction represents the relationship (dependent and interdependent) by critical lifelines.
Transportation and telecommunication systems are dependent on electric power systems;
electric power needs communication systems to send information known as SCADA to remain
functional. Spatial refers to the topology of the community. The policy or decision effects
can take place prior (planning) or post (restoration) hazard. In 2011, Miles and Chang
developed the ResilUS model, which uses fragility curves to model loss and probabilistic
approaches to recovery over time. In Chapter 5, a traffic model is implemented to explore
four of the interrelated principles (time, agent attributes, interaction, and space).

In 2016, the National Institute of Standards and Technology (NIST) released two vol-
umes of the Community Resilience Planning Guide for Buildings and Infrastructure Systems
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[125, 126]. These guides outline a six-step process for community resilience planning. This
process is detailed but also flexible to the needs of the community based on its size and
location. A community is defined as an organization denoted by geographical boundaries
maintained under a single governance. Governance examples include town, city, county, or
other sufficiently organized populations. This approach to planning allows communities to
prioritize repairs and retrofits made to new and existing infrastructure prior to a disaster.
In addition to meeting the built environment needs, NIST has also developed an Economic
Decision Guide for Buildings and Infrastructure Systems [72]. The online web tool provides
a standard methodology to weigh investment alternatives to improve community resilience.
This tool is applicable for community level goals across a variety of systems such as phys-
ical, social, and economic. The following list contains the six-step process for community
resilience planning. NIST found that many communities start at step 4. However, steps 1 to
3 are essential to success by having broad community representation (1), understanding the
current condition of their built environment and characteristics of their social and economic
services and systems (2), and agreeing upon short and long term goals to unify public and
private plans and development (3).

1. Form a collaborative team: Identify leaders, team members, and key stakeholders.

2. Understand the situation: Characterize social dimensions, built environment, and link-
ages between the two.

3. Determine goals and objectives: Establish performance goals and define community
hazards.

4. Plan development: Evaluate gaps, identify solutions, and develop an implementation
strategy.

5. Plan preparation, review, and approval: Document, obtain feedback, finalize, and
approve plan.

6. Plan implementation and maintenance: Execute, evaluate, and revise as needed.

In 2020 Nguyen and Akerkar [124] completed a systematic review of modeling, mea-
suring, and visualizing community resilience of 77 different literature records from 2000 to
2020. Through the analysis of emerging studies, projects, and tools, the review emphasizes
how communities can discover important concepts of resilience, optimize available local and
natural resources, and mitigate the impacts of hazards efficiently. There is still a shortage
of comprehensive methodologies to represent resilience models, frameworks, and knowledge.
The diagram in Figure 2.1 shows the nodes and links which represent the relation among
resilience components for a subset of the 77 papers. Many researchers have agreed that
community resilience is dependent on a several components [154]. Visualization is a simple
but effective way for a community to understand the impact of future hazards on their resi-
dents and built infrastructure [93]. Nguyen and Akerkar propose that a community resilience
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model should have the majority of the following properties: adaptation, attribute, continuity,
dependency, dynamics, equity, orientation, ownership, rapidity, redundancy, resourcefulness,
robustness, simplicity, sustainability, trajectory, and quality [124].

Figure 2.1: Community resilience components and their relations for papers with more than
seven components [124].

The subset are papers with more than seven components. As seen in Figure 2.1, some of the
components overlap producing multiple links to the same node. The node size also denotes
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the node frequency. Of the 8 papers with more than seven components: economy, society,
physical, resource, infrastructure and community are defined in the various models. This
network can also be viewed as the interdependencies of the resilience components.

Risk-informed decision-making tools are needed that can quantify the recovery of inter-
dependent systems such as physical infrastructure systems (buildings, water, power, and
transportation), social systems, and economic systems [96]. In 2016, Guidotti et al. [77]
developed a six-step probabilistic methodology to model the recovery of dependent and
interdependent networks. This framework was applied to Centerville Virtual Community
Testbed [60] to quantify loss and recovery. Network dependencies and interdependencies
such as social, economic, electric power network (EPN), water, and transportation networks
have all been modeled in Centerville [52, 60, 104, 173, 182, 184]. To date, no telecommunica-
tion (TEL) networks have been explored in Centerville, and little emphasis has been placed
on restoration prioritization post hazard. Depending on the application, the definition of
resilience can vary; however, community resilience in this study is defined as “the ability to
prepare for anticipated hazards, adapt to changing conditions, and withstand and recover
rapidly from disruptions” [138].

For physical infrastructure systems, resilience describes the functionality over time. As
depicted in Figure 2.2, system functionality can increase or decrease before a hazard event;
the subsequent level of damage incurred based on system condition can affect the time to
recover system functionality [109]. Community resilience requires the built environment to
maintain an acceptable level of functionality during and after a hazardous event and to
recover full functionality within a predefined time period. It has been over 15 years since
Hurricane Katrina,and New Orleans resident population is only at 80% of its pre-Katrina
levels. Immediately following Katrina, New Orleans lost major functionality as the city
became submerged. Despite the amount of time and money that has been invested into
New Orleans, it is still unknown if the community will ever fully recover to its pre-Katrina
functionality. A resilient community is not invulnerable to a loss; however, after some level
of time (hours, weeks, years, etc.) the system will recover. As Figure 2.2 shows, there is
some level of uncertainty of the built system prior to the hazard that is a function of the
system age and retrofits. Following a hazard event, the built system functionality depends
on the performance goals and solutions for community resilience. Repairs and retrofits after
a hazard have a much grater range of uncertainty indicating that investment dollars are best
spent before a hazard.
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Figure 2.2: Resilience can be quantified in terms of system functionality recovery of interde-
pendent infrastructure systems by considering pre-hazardous conditions [109].

2.2 Environmental Justice

The concept of environmental justice stems from environmental racism which came into
the national spotlight in 1982 surrounding the proposed dumping of 120 million pounds of
soil contaminated with polychlorinated biphenyls (PCBs) in Warren County North Carolina
[121]. This case served notice to middle-class predominately white environmentalist that
people of color and poor communities face environmental ricks disproportionately more than
they do. Robert Bullard, also known as the father of environmental justice, defined the
principal as everyone is entitled to equal protection from hazards (environmental and public
health) [32]. This principle redefined environmentalism by ensuring justice is integrated
throughout the entire ecosystem: home, work, social, school, natural, and physical world.

During the 1982 protests, Warren county was one of the poorest counties in North Car-
olina with a 65% African American population [121]. This location was selected to receive
waste generated throughout the entire state, and it became one of the first times civil rights
and environmental rights group came together to fight a common goal. The Afton Commu-
nity at the time had more than 84% African American population and had no say in the toxic
waste dump site. Residents near the facilities had to wait 20 years for decontamination of the
142-acre toxic waste dump which cost 18 million [33]. A study published twenty years after
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the first report, Toxic Wastes and Race at Twenty 1987-2007, presented research showing
that the percentage of communities living near hazardous waste facilities had increased from
1987 to 2007 [34]. Residents in these communities are often seen as an after thought when
it comes to government regulations and to enforcement. Since the 1970s, researchers have
produced scholarship indicating that people of color share greater health risks and burdens
than the population at large for a variety of reasons (incinerators, toxic waste sites, toxic
schools, toxic housing, and toxic air locations [33]. Whether this is a result of class or race
is still heavily debated [120], however, communities who are poor and of color more often
tend to find themselves sharing undue environmental risks.

A 1983 study by the Government Accountability Office (GAO) and 1987 report by the
United Church of Christ’s Commission for Racial Justice found that Warren County residents
who lived near a landfill were predominately communities of color. Moreover, in three of
the four communities were predominately communities of color. Later studies went on to
show this was not a problem specific to Warren County residents only. The 1987 report drew
the link between placement of hazardous waste materials and communities of color. This
research galvanized support for further research on claims of environmental racism. Shortly
after in 1990 Bullard published his iconic book, Dumping in Dixie which found communities
of color where overwhelming selected as locations for unwanted hazardous waste. The policy
of placing hazardous material ”not in my backyard” was replaced with ”place in blacks’
backyards” [30].

The EPA was the first governmental organization that started placing emphasis on envi-
ronmental justice in 1990 after a consorted effort from grass root environmental justice ad-
vocates, activates, and academics [143]. Under President George Bush’s administration, the
government published its first report,Environmental Equity: Reducing Risks for All Commu-
nities, illustrating that certain populations bore the burden of greater health risks. Another
crucial event in propelling environmental justice to the national spotlight was a Confer-
ence on Race and the Incidence of Environmental Hazards at the University of Michigan
by sociologists Bunyan Bryant and Paul Mohai in 1990 [121]. The majority of analyses
conducted were in agreement with the GAO and The United Church of Christs Commission
report. Two important outcomes resulted after the conference. The first was findings from
the Workgroup on Environmental Equity and the establishment of the Office of Environ-
mental Equity both managed by the EPA [181]. Many critics have commented that the
report did not address the significant role the EPA has had in perpetuating the inequalities
of environmental injustices.

Support for environmental justice continued to grow and by 1994 several bills including
an executive order were passed surrounding environmental justice awareness and reform. In
1999 under President William (Bill) Clinton, the Environmental Protection Agency (EPA)
acknowledged [44] the threat faced by certain communities and expanded the definition
of environmental justice as, ”The fair treatment and meaningful involvement of all people
regardless of race, color, national origin, or income with respect to the development, imple-
mentation, and enforcement of environmental laws, regulations, and policies. Fair treatment
means that no population, due to policy or economic disempowerment, is forced to bear a
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disproportionate share of the negative human health or environmental impacts of pollution or
environmental consequences resulting from industrial, municipal, and commercial operations
or the execution of federal, state, local and tribal programs and policies” [114].

2.3 New Orleans: environmental justice in a

community below sea level

The residents of New Orleans have grappled with trying to prevent New Orleans from flooding
since 1718. Its history of racial inequality is just as long with some of the earliest official
organization in the form of the Mississippi Delta Levee Camps. John Barry’s Rising Tides:
The Great Mississippi Flood of 1927 and How it Changed America discusses another example
of how African Americans bore more of their share of the impact of this disastrous flood
responsible for officially killing 246 people with as many as thousands more African American
deaths uncounted [19]. While white residents had the luxury of being evacuated, 330,000
African Americans along the Mississippi River were interned in 154 relief ”concentration
camps” [31]. Prior to Hurricane Katrina, the most destructive hurricane to hit New Orleans
was Hurricane Betsy in 1965. This storm hit the New Orleans Lower Ninth Ward especially
hard with over 98% percent of the residents identifying as black and a third below the poverty
line [31]. This storm killed 81 people and evacuated 250,000. Some New Orleans residents
believe the flooding in the Lower Ninth Ward was a deliberate act by New Orleans Mayor
Victor Schiro who ordered the levee breaching to prevent his subdivision from flooding [84].
Whether this is fact or fiction, residents will never know, but the mistrust of government in
the African American community is still apparent. The marginalization continued when city
officials decided to dump hazardous waste and debris from Betsy into Agricultural Street
landfill which was surrounded by two mainly black subdivisions, Gordon Plaza and Press
Park [4]. The residents of this community would go on to wage a 13 year litigation battle
and win after being promised first-time homeownership [31].

On Monday August 29th, 2005 at 6:10 A.M. a category 3 hurricane made landfall in
Buras, LA with max sustained wind speeds of 125 miles per hour (mph) [38]. The storm
was initially incorrectly listed as a Category 4 hurricane. Images flashed across televisions
of Hurricane Katrina’s devastation as the residents watched as 80 percent of New Orleans
became submerged to depths up to 20 feet [151]. Over 50 organizations conducted investi-
gations from government, academia, and industry to attempt to understand what happened
that day and the months to follow. 15 years later, Katrina is still the costliest U.S. disaster
in the United States history with economic losses exceeding 170 billion dollars [128]. Despite
the dozens of organizations that performed studies on New Orleans’ flood protection system,
there is still disagreement about whether the storm was preventable. Reports from the U.S.
Army Corps of Engineers [65], National Institute of Standards and Technology [38], and the
University of California, Berkeley [151] were analyzed in an effort to understand structurally
what caused the flooding of New Orleans and are the cascading effect of disasters on vulner-
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able populations by race [156]. Much litigation ensued to determine who was at fault over
the levees even a deposition by Melvin McElwee Sr., a retired Lieutenant Officer (CITE)
who worked for the U.S. Army Corps of Engineers.

The most vulnerable populations impacted by the storm were the elderly and people
with physical and mental disabilities [102]. Images flooded the media of approximately
60,000 evacuees at the Mercedes Benz Superdome and 20,000 evacuees from Smoothie King
Convention Center [48]. Many of these evacuees included many elderly and people with
physical and mental disabilities whom did not have access to transportation to evacuate the
city when on August 27th, Mayor Ray Nagin issued a mandatory evacuation of the city for the
first time since its inception. The decisions surrounding the breakdown in communication
between local government officials and the White House became one of the most studied
failures. Millions of Americans watched for over four days as the U.S. government performed
one of the biggest boondoggles in U.S. history. At the time of the storm more than a third
of African Americans in the City of New Orleans did not have access to transportation [31].
Residents whose housing structures survived the storm surge, reaching heights of 18-25 feet
in certain areas, were forced to seek shelter on their roofs while they waited for evacuation.
The Lower Ninth Ward was one of the hardest hit areas in New Orleans with a population
of more than 90% African American. In the final report [152] by the team from University
of California, Berkeley, the team attributes the catastrophic failure of the flood protection
system to three causes:

(1) a major natural disaster (the Hurricane itself), (2) the poor performance
of the flood protection system, due to localized engineering failures, questionable
judgments, errors, etc. involved in the detailed design, construction, operation
and maintenance of the system, and (3) more global “organizational” and insti-
tutional problems associated with the governmental and local organizations re-
sponsible for the design, construction, operation, maintenance and funding of the
overall flood protection system.

These results differed significantly from the preliminary investigation and report by the
Interagency Performance Evaluation Taskforce (IPET) which attributed many of the levee
failures from overtopping, erosion and scour from the jelly like soils that were responsible
for supporting the floodwall foundation. Figure 5.3 shows the standing floodwater depth
for New Orleans shortly after several breaches in the flood protection system. The figure
shows the Lower Ninth Ward and over 10 feet of water it sustained. The New Orleans East,
Gentilly, and Lakeview also received floodwater depths of over 10 feet. The Metairie and
Kenner areas to the west of New Orleans received 0-2 feet of water.
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Figure 2.3: Approximate standing floodwater depths for New Orleans after Hurricane Kat-
rina in 2005 [164].

2.4 Street Network Analysis

Understanding street network analysis can assist community resilience planners in mitigating
challenges transportation networks present for some residents. These impacts may be further
exacerbated by environmental hazards. Extracting and downloading the street network is the
first step in generating traffic simulations at the community scale. Street network analysis
is the process of extracting, downloading, modeling, and visualizing street networks. In
the twentieth century, the primary responsibility of creating maps was left to surveyors,
geographers, and cartographers. With the invention of the computer and crowdsourcing, the
process of performing functions such as generating maps, through enlisting the services of
large groups (either paid or unpaid), can be done more easily [87]. OpenStreetMap (OSM)
is one of the most comprehensive user generated street maps still underdevelopment [78].
OSM does not pay its user for information that is uploaded; however, this has not stopped



CHAPTER 2. LITERATURE REVIEW 22

their success of the model since inception in 2004. The technical infrastructure on which
OSM is built is the database MySQL.

In 2017 Boeing introduced OSMnx which offered new and efficient methods for acquiring,
constructing, and visualizing complex street networks [23]. The OSMnx package provides
researchers with a systematic database to obtain transportation networks all over the world
which may be later used for simulation. OSMnx [24, 22] offers its users five primary capabili-
ties : “downloading place boundaries and building footprints; downloading and constructing
street networks from OpenStreetMap; correcting network topology; saving street networks
to disk as ESRI shapefiles, GraphML, or SVG files; and analyzing street networks, including
calculating routes, visualizing networks, and calculating metric and topological measures of
the network” [23]. Figure 2.3 depicts an OSMnx visualization downloaded using the city
boundary of Berkeley, CA.

Figure 2.4: OSMnx Berkeley, CA street network.

The multidigraph shown in Figure 2.3 has 5,752 edges/links and 2,103 nodes for the city
of Berkeley, CA. For comparison, San Francisco’s driving network in OSMnx is represented
with more than 4 times the number of links (26,771) and nodes (9,597). The network is
queried and visualized using Python computational notebooks. These notebooks make de-
veloping shareable, reproducible, and recomputable scripts in Python more efficient. Table
2.1 includes the OSMnx basic street network statistics for Berkeley, CA. These 18 statistics
are network indicators calculated using predefined packages and libraries. The first step in-
cludes importing necessary Python modules such as OSMnx, matplotlib, networkx, IPython,
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and pprint which are shown in Appendix A. The OSMnx package imports OSMnx, its con-
figuration, and the specified version. The matplotlib package is used for data visualization
purposes within the computational notebook. NetworkX allows users to perform network
analysis. Finally, IPython enables interavtive Python computing in a Jupyter environment
[135] and pprint allows ”pretty print” which makes visualization within the computational
notebook possible. Network circuity is the ratio of network distance (distance along network
edges to points) to the great-circle distance. The great-circle distance represents the short-
est distance along the curved surface of the earth, and is more accurate than the Euclidean
distance [25]. The Berkeley network distance is 5% longer than the euclidean distance. The
average street length of the Berkeley, CA network is 116.3 (381.6 feet). Circuity can be used
to measure network efficiency, and networks whose network distance is closest to 1 or the
great-circle distance are preferred. The average circuity for road networks in the U.S. is 1.2
[71].

Table 2.1: OSMnx basic street network statistics

Statistics Value

Circuity Avg. 1.05
Clean Intersection Cnt. 1452

Edge Density (km) 44.28
Edge Length Avg. 120.78
Intersection Cnt. 1933

Intersection Density (km) 58.95
K Avg. 5.47

M 5752
N 2103

Node Density (km) 64.14
Self Loop % 0.00869

Street Density (km) 11739.65
Street Length Avg. 116.26
Street Length Total 384938.02
Street Segment Cnt. 3311

Streets Per Node Avg 3.19
Streets Per Node Cnt. 0: 0, 1: 170, 2: 43, 3: 1130, 4: 743, 5: 17
Streets Per Node % 0: 0, 1: 0.081, 2: 0.020, 3: 0.54, 4: 0.35, 5: 0.0081

The extended stats function can be utilized to obtain additional topological network
statistics. Table 2.2 contains the OSMnx extended network statistics for Berkeley, CA. The
Python notebook code is also in Appendix A. Majority of the statistics are calculated on
the node-level making printing these results several pages long. The average neighbor degree
indicates the average number of nodes in the neighborhood of each node. Degree, between-
ness, closeness, and PageRank are centrality indicators used to denote a nodes ”importance”
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based on network topology. Additional stats include eccentricity (maximum distance from a
node to any other nodes), diameter (maximum eccentricity) radius (minimum eccentricity),
center (eccentricity = radius), and periphery (eccentricity = diameter). Not all nodes have
a center and periphery value. If a node is critical to the networks center then eccentricity =
radius, and if the node is critical at the edge of the network, the eccentricity = diameter. For
more information on the statistics obtained in Table 2.1 and Table 2.2, please read Boeing’s
OSMnx: New methods for acquiring, constructing, analyzing, and visualizing complex street
networks [23].

Table 2.2: OSMnx extended street network statistics

Statistics

Avg. Neighbor Degree
Avg. Neighbor Degree Avg.

Avg. Weighted Neighbor Degree
Avg. Weighted Neighbor Degree Avg.

Betweenness Centrality
Betweenness Centrality Avg.

Center
Closeness Centrality

Closeness Centrality Avg.
Clustering Coefficient

Clustering Coefficient Avg.
Clustering Coefficient Weighted

Clustering Coefficient Weighted Avg.
Degree Centrality

Degree Centrality Avg.
Diameter

Eccentricity
Pagerank

Pagerank Max
Pagerank Max Node

Pagerank Min
Pagerank Min Node

Periphery
Radius

As mentioned in Chapter 1, centrality can be used as a measurement of node importance
by quantifying how connected a node is to its neighbors. Although centrality is typically
calculated at the nodal level, the method for calculating centrality can be applied to links
or edges. This is helpful in identifying important road links or streets in a traffic network
by only considering its connectivity to other roads. Figure 2.4 is an OSMNx visualization of
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Berkeley, CA’s street network overlaid with edge centrality. The python notebook code used
to generate Figure is shown in Appendix A. The script creates a list of graph edge centrality
values and a color scale converted to a list of colors for the graph edges. Finally, the edges are
colored by closeness centrality using a line graph. Areas in Figure 2.4 with high centrality
are lighter in color (yellow) while areas with low centrality are darker (orange). The Tilden
Park area, located in the northeast section of the street network, has low centrality primarily
because of the irregular lengths and spacing of the streets which have few connections. The
well connected orthogonal links in Downtown have high centrality. It can be concluded that
the Downtown street network is more resilient than the Tilden Park. This indicates that a
link or road failure in the low centrality area is more likely to experience significant delays
compared to an a high centrality area such as Downtown.

Figure 2.5: OSMnx centrality of network edges in Berkeley, CA.

The shortest path problem has applications in a wide variety of industries such as trans-
portation (Google Maps, Waze, Uber, etc.), software systems (robot navigation, autonomous
vehicles, airline pricing, etc.), and social networks (communication routing, IP routing, Face-
book friend suggestions, etc.). Dijkstra’s algorithm is an implementation of shortest path
that minimizes the distance between two points in a non-negative, weighted, directed graph
[175]. The OSMnx image in Figure 2.5 is a visualization of a shortest path calculation of
two OSM nodes using Dijkstra’s algorithm. In OSM, nodes represent map features such
as street intersections, locations along a street, roundabouts, or other map elements that
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contain latitude and longitudinal coordinates. The network distance of the shortest path is
calculated as the sum of the lengths of all links along the route which is 4,065 meters in
Figure 2.5. Each link has a travel time which can be used as a weight that is minimized
between two locations. The routing algorithm for the traffic simulators used in Chapter 4
and Chapter 5 also employ Dijkstra’s algorithm. Parallelizing, computation in which calcu-
lations are carried out simultaneously, Dijkstra’s algorithm can significantly reduce the time
to calculate routes for tens of thousands of trips. In some applications of the shortest path
algorithm, the route is calculated multiple times to include the impact of future trips that
are loaded onto the network. Road closures are another factor that can create changes in
the shortest path route during a simulation.

Figure 2.6: OSMnx shortest path calculation between two OSM nodes using Dijkstra’s
algorithm.

OSMnx can query building footprints, areas used by a building structure and defined
by its perimeter, within geographic zones such as counties, tracts, neighborhoods, or other
pre-selected geographic regions. Figure 2.5 is an OSMnx building footprints visualization
for an area within Berkeley, CA. The code used to generate Figure 2.5 and 2.6 are both
in Appendix A. The image inputs are OSM point coordinates and distance, 750 meters.
Some building footprint features that may be imported include amenity (library, restaurant,
etc.), building (public, private, etc.), name, street, postcode, tourism, room, capacity, and
many additional column features. Overlaying building footprints with street networks can
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offer an indication of network resilience developed by the landscape architect which varies
by region and date settled. Building footprints can also provide a preliminary assessment of
areas that may be undeserved in transportation options as compared to neighboring areas.
In Chapter 4, building footprints are analyzed for residents in New Orleans’ neighborhoods
to understand the impacts of inequalities in predominately African American communities
that have increased travel time to work.

Figure 2.7: OSMnx building footprints around OSM node.

2.5 Conclusion

A survey of literature in community resilience, environmental justice, and street network
analysis is presented to situate this research in relation to previous works from which it is
derived. More tools are needed to assist community resilience planners with understanding
the impact of natural hazards on residents, and Big Data presents a unique opportunity to
quantify natural hazards, mitigate potential effects, and assist with recovery efforts. New
Orleans has a history of environmental injustices that was disastrous for residents in 2005
from hurricane Katrina. With the OSMnx’s framework, any community can download,
model, and visualize street networks. Generating the street network is the first step in
simulating community level traffic characteristics under various hazardous scenarios. The
next three case studies seek to add to the growing body of literature in this chapter.
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Chapter 3

Community Resilience Decision
Support Tool for Networks Exposed
to Tornados

3.1 Introduction

Community resilience planners and emergency managers need to account for all aspects of
natural and man-made hazard preparedness: prevention, mitigation, protection, response,
and recovery [125, 126]. Evaluation of infrastructure performance grows increasingly complex
when communities need to predict damage and loss of interdependent networks because a
failure in one system can lead to cascading failures in other systems [77]. The 2003 Northeast
Blackout occurred in parts of Northeastern and Midwestern United States, and Ontario. Tree
branches touching power lines resulted in a series of faults that was impacted by human error,
software, and equipment failure. This blackout is an example of how the loss of electricity
for an estimated 50 million people caused cascading failures resulting in a loss of battery
backup for cellular communication sites [10]. This resulted in 11 deaths and over 6 billion
in economic costs.

Wind hazard effects, including tree fall, are a primary cause of failure for above-ground
last-mile distribution systems in communities [7]. These distribution systems typically in-
clude utility poles and cables (copper wires, coaxial cables, and fiber optic cables). Wired
telecommunication systems are an integral and complex part of the nation’s interconnected
infrastructure. Dependencies on other networks increase their probability of failure. Telecom-
munications are dependent on electric power for telephone services, and electric power is de-
pendent on telecommunications to relay information such as Supervisory Control and Data
Acquisition (SCADA) across the network. In this chapter, interdependent systems (electric
power and telecommunication networks) are studied in a virtual community. The objective
of this work is to understand the value of simulations.

The Center for Risk-Based Community Resilience Planning, led by Colorado State Uni-
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versity (http://resilience.colostate.edu/index.shtml) developed Centerville. Cen-
terville is a virtual community for design and testing of algorithms in Interdependent Net-
worked Community Resilience Modeling Environment (IN-CORE) (http://resilience.
colostate.edu/in_core/). This environment is used to estimate damage and loss of elec-
tric power networks and telecommunication networks subject to various tornado scenarios.
Wired telecommunication networks are added to the Centerville model to evaluate their
electric power dependency. The next section reviews the analysis approach used to model
the telecommunication and electric power dependencies, hazard analysis framework, and dis-
location algorithm. In this study, the framework developed by the Center for Risk-Based
Community Resilience Planning researchers was extended in an effort to map the recov-
ery of these systems which is crucial for communities who are interested in improving their
resilience.

3.2 Centerville Virtual Community

Centerville was initially modeled by the Center for Risk-Based Community Resilience Plan-
ning at Colorado State University. This virtual community was intended to help researchers
model complex interactions between their built infrastructure and the natural hazards they
face. This virtual Midwestern U.S. community has 50,000 residents and a total of 32,132 jobs
based on 1,105 firms with sectors in commercial/retail, professional and business services,
education, healthcare, industry, manufacturing, and government [60]. The model includes
buildings, transportation, EPN, and water systems. Figure 3.1 depicts a plan view of the
building network in the Centerville virtual community. The residential section is divided
into the following categories for income and density: high, medium, and low. There are two
light industries as well as a commercial sector that contains business and retail. The range
in income and density allows the modeler to understand the impact to vulnerable areas that
may be susceptible to greater risk. Critical facilities are defined as operations that must
stay functional during and immediately following a disaster. The transportation network
includes a railway, interstate, and highway.

Each of these physical systems have been modeled independently using fragility compo-
nents. Fragility functions are a common methodology in civil engineering used to describe the
failure probability of a given structure for a hazard intensity. The fragility can be described
as a function that describes the probability of damage or failure, where multiple fragility
curves are used to address a range of potential damage states [157]. Preliminary damage
and loss estimation models have been developed for EPN subject to various tornado scenar-
ios [173]. The previous work on EPN quantified recovery in terms of cost and time. These
types of models can be scaled to various types of communities to analyze location-specific
and more complex systems as a tool to support decision-making by resilience managers [12].
For the Centerville Community analysis, in this study, a Monte Carlo simulation is used.
Each tornado realization is sampled from a historical database of 40,000 tornado records
from 1973 to 2011 from the Storm Prediction Center [162]. There is quite a bit of variability

http://resilience.colostate.edu/index.shtml
http://resilience.colostate.edu/in_core/
http://resilience.colostate.edu/in_core/
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in the EF results for the 40,000 records taken from almost 40 years of data. Each tornado
realization is characterized by a starting point, ending point, angle, length, and width for a
respective EF rating.
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Figure 3.1: Plan view of building network in Centerville virtual community [60].

The EPN is divided into three systems (1) generation, (2) transmission, and (3) distribu-
tion [173]. The generation system includes a generating station and the generator, a step-up
transformer where the voltage can be stepped up and transmitted over long ranges with
minimal power losses. The transmission system includes the transmission towers, lines, and
substations where power is carried from the generation network to the distribution network.
Power is stepped down at a substation step-down transformer between the transmission
station network and distribution network to decrease the voltage to consumer ranges. The
distribution system carries the power to the last few miles using wires on poles. If there
is a failure in either the generator or substation, electricity does not reach the distribution
system. These wooden poles typically have a lifespan of 100 years, with an estimated 5%
replacement each year. Given the range in age, the fragility function of a distribution pole
can very substantially.

The wired TEL in Centerville can be characterized as (1) telephone exchanges, (2) distri-
bution system, and (3) local area networks (LAN). The telephone exchange or central offices
are buildings where telephone calls and data are switched locally or over long distances.
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Central offices also relay information to wireless cell towers. Information inside the central
office requires infrastructure that is climate controlled to maintain equipment for TEL. The
distribution system includes utility poles, cables (copper wires, coaxial cables, fiber optic ca-
bles), and distributed loop carrier remote terminals (DLC RTs). Data sent from the central
office to the DLC RTs node, where communication networks can be extended over longer
ranges (2.5 times) than by only using only central offices [101]. The left picture in Figure 3.2
is a a central office shortly after Hurricane Katrina in October 2005, and the right picture
is a DLC RT system on a platform in St. Bernard, LA. The Central Office appears to have
sustained some internal damage, most likely due to flooding. The DLC RT is undamaged,
which is in part due to its elevated location. After Hurricane Katrina, New Orleans changed
several of its building codes to place structures such as substations and DLC RTS a minimum
height above sea level.

Figure 3.2: Saint Bernard Central Office in October 2005 after Hurricane Katrina (left).
The DLC RT system is located on a platform outside the Central Office Building (right)
The permanent natural gas generator is on the right corner of the DLC RT platform [100].

The LAN is the final node, including a computer network to link devices within a building
or group of buildings. Based on the Centerville building zones, the LANs are characterized
as building area networks (BAN), neighborhood area networks (NAN), and industrial area
networks (IAN) [99]. TEL and EPN are interdependent networks. A loss in EPN functional-
ity often results in losses in TEL functionality; a failure in wired telecommunication systems
can subsequently affect electric utility communications and supervisory control and data
acquisition (SCADA) systems [21] [126]. These SCADA systems are used in other networks
such as water and building networks. The flow of communication goes from the central
office, DLC RTs, and then LAN. Communities need to understand the potential failures and
consequences of interdependent systems [142]. Figure 3.3 shows a depiction of the gener-
ation, transmission, and distribution EPN network and the distribution network for TEL.
Communication starts at the node P7 and P27 where the central office is located and then
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is extended to nodes P19 and P8 with the DLC RTs then it is finality received at one of the
three networks (industrial, building, and network). If there is a failure in either the central
office or DLC RTs, communication does not make it to the final node at the LAN.

Figure 3.3: Centerville EPN with TEL components which includes generation (central office),
transmission (digital loop carrier), and distribution ( Local Area Network).

3.3 Methodology

The 2011 Joplin Tornado in Missouri illustrates the impact of cascading failures of two
critical lifelines where approximately 4,000 distribution poles and transmission towers and
more than 18,000 ft of fiber and copper telecommunication cables were damaged [98]. The
Joplin tornado left almost 66% of the population (20,000 residents) without electricity and
took several days to recover aerial fiber and copper cables. Tornado resilience frameworks
such as the one implemented in Centerville, a virtual community, can be adopted across
various other natural hazards and climate-related hazards such as hurricanes, flash floods,
and tsunamis [14, 16, 173]. Many researchers have performed multiple studies on the impact
of the EF-5 tornado on the Joplin community [12, 13, 6].

In this analysis, the impact of tornado damage on two critical interdependent infras-
tructure systems, EPN and TEL, are studied to characterize the effect of dependencies on
restoration time, which can inform community recovery prioritization strategies. The EF
rating, length, and angle are fixed, while the tornado’s width is randomly generated using
statistical characterization obtained from the SPC tornado database. The SPC tornado
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database contains more than 40,000 tornadoes which vary in intensity (EF), length, width,
and angle. Depending on the values sampled, there can be significantly high variability in
the parameters based on historical data. The scenario was run for 10,000 iterations for an
EF 3 tornado. In the image shown in Figure 3.4 which is the idealized path model for an EF
3 tornado, the EF 3, EF 2, EF 1, and EF 0 regions are associated with the following colors:
purple, blue, green, and yellow.

Figure 3.4: Visualization of EF 3 path of tornado used in 10,000 Monte Carlo simulations
[173].

The primary measure for quantifying resilience is in terms of mean repair time. The repair
time is caluclated using a normal distrubution restoration function that uses an average repair
time of 72 hours for transmission towers, 5 hours for EPN, and 3 hours for TEL with a COV
of 0.5. The total system repair time is calculated by summing the time associated with each
at all the nodes. There is a high variance in the mean repair time, as indicated from the
standard deviations associated with these values. In many instances, the standard deviation
for repair time is several magnitudes larger than the mean repair time. This is because the
repair time and cost are primarily a function of the number of poles damaged. Depending
on the tornado’s path (rural vs. urban), there are almost 3 times more poles in urban areas
than rural areas that contribute to the variability as well. Several nodes have a repair time
of 0 because, in some cases, the EF-3 tornado did not damage any lines. In other cases,
the nodes (generators, substations, central offices) are assumed never to fail which is an
assumption used in this analysis.

An undirected graph simply characterizes the EPN and TEL network with flow moving
from a source node such as a generator or central office to an end node such as load or
other nodes of interest. Latitudinal and longitudinal nodal coordinates define TEL and
EPN nodes. A connectivity matrix defines the relationship from the source node to the
target node through mapping line paths connecting nodes. The EPN and TEL can be
mathematically characterized as a network G(V,E) with vertices V (nodes) and edges E
(links), which are analyzed using graph theory. A connectivity matrix provides the flow
direction and dependencies used later for failure analysis. Connectivity is represented for
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network G by the following matrix or augmented adjacency table shown in Figure 3.5. The
connectivity of link 3 and 4 is indicated by a value of 1 in the matrix. Note that nodes 1
and 2 have a value of 0 because there is no connectivity between these nodes.

Figure 3.5: Adjacency table for example network G depicted by Roberto Guidotti [76].

Matrix A and can be used to describe the TEL dependence on EPN,

A =

[
ATEL ATEL,EPN

AEPN,TEL AEPN

]
(3.1)

where Aij = 1, if node i is connected to node j, and Aij = 0, if node i is disconnected from
node j. The path between all pairs of vertices in network G can be calculated using different
algorithms [54] [63] [95] [139]. The likelihood of failure of a node given the failure of another
node can be represented by a weight or likelihood table L = [lij] [77]. Network dependency
can be captured for a telecommunication network, t, and electric power network, e, with a
nt ∗ ne rectangular likelihood Lij = [lij], 0 ≤ 1. Given there is no EPN dependence on TEL
in these simulations, matrix AEPN,TEL is multiplied by LEPN,TEL = 0. The 56 ∗ 56 EPN and
TEL adjacency matrix is shown in Appendix B. A power outage at nodes P18, P31, and
P11 in the EPN will cause a corresponding telecommunication failure at T12, T23, and T6.
See figure 3.9 for T and P nodes. A telecommunication node is removed from the network
if either the damage level exceeds the limit state for the EPN and/or TEL. Next, network
functionality is determined using the damaged nodes and connectivity and dependency [173].

Centerville’s TEL network was originally added to the EPN via Matlab using the ad-
jacency matrix shown in the Appendix B. There are four sections of the aadjaceny matrix
showing TEL, EPN, TEL dependence on EPN, and EPN dependence on TEL. For more
information on the probabilistic framework used to assess the impact of tornadoes on EPN
in Centerville read Unnikrishnan and van de Lindt [173]. From literature, the restoration
function to repair EPN for a distribution pole is on average 5 hours [130]. Here, the TEL’s
restoration function is assumed to share the same distribution (i.e., COV), but has a shorter
time of 3 hours. More research is needed on TEL systems to understand the impact of tor-
nado hazards on their damage and restoration.Table 3.1 contains the restoration and fragility
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function parameters for the TEL network. The fragility function represents the cumulative
probability of failure of the TEL distribution pole components. The red curve in figure 3.6
shows the fragility function of the distribution pole and the black curve the transmission
tower. The fragility function has a log normal distribution while the restoration function
has a normal distribution.

Table 3.1: TEL Network Restoration and Fragility Functions [173, 130]

Function Component Distribution µ COV

Fragility Distribution Pole Log normal 117 (mph) 0.15
Restoration Distribution Pole Normal 3 (hours) 0.5

Figure 3.6: Fragility curve for transmission tower and distribution poles.

The Fujita Scale [68] was developed to rate the tornados by wind intensity, area, and
associated damage; this methodology was extended to the Enhanced Fujita Scale (EF) to
include damage indicators, account for construction quality, and define a correlation between
damage and wind speed [112]. The EF scale is based on surveyed damaged as opposed to
actual wind speeds. Tornados are typically modeled in terms of a probabilistic hazard curve,
representing the expected yearly frequency that wind speeds are exceeded at a given velocity
for a range of velocities [85]. Among tornado hazard models, two approaches are primarily
used: the point-strike model [2, 28, 112, 1, 118, 140] or the aerial model [144, 163, 172]. In a
point-strike model, the tornado hazard intensity is defined for a point while an aerial model
represents the hazard in terms of its length, width, and angle.

Following the characterization of the tornado hazard, EPN, and TEL, the hazard network
interaction simulation, and a network analysis were performed. Hazard-network interaction



CHAPTER 3. COMMUNITY RESILIENCE DECISION SUPPORT TOOL FOR
NETWORKS EXPOSED TO TORNADOS 36

is defined as how the network interacts with the tornado path and EPN and TEL layout
by predicting the wind pressure on the components to determine failure or not. Network
analysis comprises of component functionality, connectivity. Loss/recovery analysis converts
the damage into actual loss and recovery times using predefined loss/recovery functions [131]
[130].

The framework in this chapter is an extension of the performance-based earthquake
engineering (PBEE) approach proposed by Pacific Earthquake Engineering Research Center
(PEER) [16]. Performance-Based Engineering (PBE) is a commonly used methodology that
defines (1) performance objectives, (2) criteria and methods for evaluating performance
objectives, and (3) design alternatives to improve structural systems. Structural risk is
represented as a decision variable, DV, that describes the time for the community to recover
to a given level of functionality is given by equation 3.3:

G(DV ) =

∫∫∫∫
G(DV |DM)× f(DM |EDP )× f(EDP |IM, IP, SP )

× f(IP |IM, SP )× f(IM)f(SP ) dDM dEDP dIM dIP dSP (3.2)

where G = the complementary cumulative distribution function, G(|) = conditional comple-
mentary cumulative distribution function, f() = probability density function, f(|) = con-
ditional probability density function, DM = decision variable, EDP = engineering demand
parameter, IM = intensity measure, IP = interaction parameters, and SP = structural pa-
rameters. For more information on how this methodology is applied to a wind hazard please
read Unnikrishnan [174]

There are several simplifications in the EPN and TEL for the Centerville model. Power-
line communication (PLC) towers were used to simultaneously transmit communication and
electric power. Central offices are designed not to sustain any damage, similar to the power
plants and substations in the original EPN. There is a total of 56 nodes (32 EPN and 24
TEL). A 56 x 56 connectivity matrix is used with source nodes P1, T1, and P26, T19. The
path traversed by electricity and TEL after a wind hazard simulation is generated through
an adjacency matrix. Using Monte Carlo Simulations (MCS) runs, the poles’ fragility can be
compared to determine whether damage occurs based on predicted wind speeds. The wind
force on the distribution and transmission system can be calculated using ASCE’s Guidelines
for Electrical Transmission Line Structural Loading [106]. Finally, the number of poles and
towers are based on the assumption that PLC towers are spaced every 300 meters, and
distribution poles are spaced every 38 meters in urban areas and 91 meters in rural areas.
See Appendix C for a QGIS visualization of the utility poles and towers in Centerville. The
poles damaged by a wind hazard can be calculated using fragility components (mean wind
speeds and coefficient of variation (COV)) for PLC transmission towers and distribution
poles.
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Interdependent Networked Community Resilience Modeling
Environment (IN-CORE)

To import the TEL network into IN-CORE, two shapefiles must be created. One shapefile
is needed for the lines and another for the points. A shapefile is a common format used
to store geometric location and attribute information. The line shapefile attributes include:
line strings with latitudinal and longitudinal coordinates, link ids, from nodes, and to nodes.
The node shapefile attributes include: points with latitudinal and longitudinal coordinates,
node ids, utility facility, and independent node. Figure 3.7 is a QGIS visualization of the
EPN & TEL nodes and link in Centerville.

tel_links	[22]
tel_node	[24]
epn_node	[32]
epn_links	[30]

OpenStreetMap

Figure 3.7: QGIS visualization of TEL networks overlaid on top of EPN in Centerville.

Figure 3.8 is a QGIS visualization of the TEL and EPN distribution poles and EPN
transmission towers added to IN-CORE. The TEL almost completely mirrors the EPN with
three exceptions shown by the brown EPN poles. The distribution poles are spaced 125
feet, and the transmission towers are spaced 985 feet apart. In the original analysis, the
transmission and distribution poles were created inside the algorithm. In the IN-CORE
environment, the transmission and distribution poles are added independently to ensure
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uniform analysis in future Centerville analyses. Furthermore, communities can adapt their
infrastructure based on the Centerville shapefile.

Tel_Poles
Towers
Epn_Poles

OpenStreetMap

Figure 3.8: QGIS visualization of TEL distribution poles,EPN transmission towers, and
distribution poles

3.4 Analysis

The TEL nodes damaged during the 10,000 MCS run are 16, 17, 18, 22, 23, and 24. To meet
the damage requirement, the average repair time for a node ,µ, must be greater than or equal
to the time required to repair a single pole. Figure 3.7 shows the range in damaged poles
based on the variability of tornadoes sampled. The colors are associated with the different
EF regions for the fixed starting and ending point of the tornado. The width is varied for the
sampled 10,000 tornadoes. Table 3.2 shows the restoration statistics to repair all distribution
poles supply communication to the four connected nodes in some of the iterations. The total
number of poles that need to be repaired can be estimated by dividing the average repair
time per node by 3 hours. For example, to repair node 24, approximately 24 poles need to
be repaired to restore communication to node 24. The COV values in Table 3.2 represent
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the relative spread of the data points in the series around the mean value. The higher the
COV value, the more dispersion associated with the repair time. Nodes that are associated
with a higher wind speed typically have higher COV.

Figure 3.9: EF 3 Monte Carlo run of 10,000 iterations

Table 3.2: TEL Network Restoration Statistics

EPN/TEL Node µ Repair Time (h) σ Repair Time (h) COV µ Pole Count

16/10 34.09 33.16 0.972 11
17/11 40.50 49.98 1.23 13
18/12 34.09 33.16 0.972 11
22/16 25.90 25.33 0.978 9
23/17 35.87 43.86 1.22 12
24/18 69.95 77.72 1.11 23

Figure 3.10 is a visualization of the node ids in Centerville. These node ids are graphed
with nodal coordinates to easier visualize the combined (EPN and TEL) node characteristics
in Tables 3.2, 3.3, and 3.4. The nodes that meet the requirement for damage are boxed in
Figure 3.10. This does not mean that nodes such as 32 do not sustain any damage; however
the average repair time is less than a single pole repair time. The fastest time to repair a
node is just over 2-3 days depending on the crew work day of 8 hours or 12 hours. The
longest node to repair is 24 and takes 5-9 days (69.95 hours). This range in repair time is in



CHAPTER 3. COMMUNITY RESILIENCE DECISION SUPPORT TOOL FOR
NETWORKS EXPOSED TO TORNADOS 40

part due to the time it takes to repair connectivity to nodes damaged along the line. Node
24 will take longer to repair than node 17 because node 22 and node 23 must be repaired
first. Node 17 is dependent on node 16 and node 24 is dependent on nodes 22 and 23 having
functionality. This type of information can be helpful to communities weighing restoration
alternatives. The next section offers communities more options in prioritizing recovery by
network connectivity which does not take into account nodes damaged along a particular
line.

Figure 3.10: Centerville EPN graph network with link and node ids with damaged nodes
from Table 3.2 in a red box.

The pagerank algorithm (similar to the concept of centrality) was originally developed
by the founders of Google, Brin and Page [27]. This algorithm calculates node importance
for prioritizing repair crews by ranking the damaged nodes’ value.

PR(u) =
∑
v⊂Bu

PR(v)

L(v)
(3.3)
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The pagerank value for a page u depends on the pagerank values for each page v contained
in the set Bu, divided by the number L(v) of links from page v. In the appendix, Table
B.1 shows the pagerank of nodes and Table B.2 the centrality. Unimpacted nodes and
nodes with average repair timeless to repair a single pole are excluded (i.e. repair times less
than 3 hours). The centrality values are calculated using equation 1.2 and the page rank
values are calculated using equation 3.3. After filtering for these requirements, the top 3
node priorities are EPN16/TEL10, EPN23/TEL17, and EPN 13/TEL 8 based on page rank
values are 0.0495, 0.0356, and 0.0343 respectively. The pagerank value is similarly calculated
to centrality; however, with two caveats: pagerank values sum to one and do not have any
repeating numbers given how the value is computed, as shown in Equation 3.4. Based on the
centrality and pagerank values, the EPN at node 16 needs to be repaired first, given graph
connectivity and the importance of supplying telecommunication to the entire network. This
is due to the higher pagerank value of EPN 16 than than EPN 17 and EPN 13.

3.5 Summary and Main Contributions

Community resilience planners must coordinate hazard preparedness: prevention, mitigation,
protection, response, and recovery. Impacts from extreme wind hazards remains a primary
cause for last mile distribution systems failures of above ground electric power and telecom-
munication networks. Researchers at the Center for Risk Based Community Resilience Plan-
ning, led by Colorado State University developed Centerville using IN-CORE. This chapter
extends the previous analysis by implementing a new infrastructure (telecommunication)
and developing a restoration prioritization strategy. For new and future construction, re-
silience planning includes land use, codes and standards, and performance objectives related
to the role, service, or function of the system in the community, including their recovery after
disruptive events. This analysis shows redundancy is reduced in rural areas as there tends
to be single routes for service delivery. Damage occurred at all of the nodes in the tornado
path during the MC simulations, but analysis is focused on the damage to the 6 listed nodes.
Nodes 16-18 and 22-24 are each in a separate branch of the distribution network, and are
independent of each other.

Assessing resilience is crucial for communities seeking to mitigate disaster recovery. This
work begins with a review of community resilience, beginning with its inception in 1973
by Holling, who used the term to define ecological systems. Next, the Centerville virtual
community, developed by the Center for Risk Based Community Resilience Planning, is pre-
sented as a test bed. A unique three system TEL network is proposed for Centerville: central
office, digital loop carrier remote terminal, and local area network. These components make
up the core of the telecommunication network and are responsible for telecommunication
generation, transmission, and distribution respectively. This infrastructure had not been
previously considered, and is not typically considered a major infrastructure discussed in
many resilience frameworks. The environment is used to analyze interdependent telecom-
munication and electric power networks in Centerville. Results indicate that the mean and
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standard deviation of repair damage for an EF-3 tornado is almost equal, indicating high
variance in the 10,000 Monte Carlo runs. This high variance is partly due to the range in
values of the 40,000 tornadoes sampled from the Storm Prediction Center. After telecom-
munication network restoration statistics are computed, centrality and pagerank values are
determined for restoration priorities after the simulated damage. Finally, the IN-CORE
platform is presented with QGIS visualization of the TEL network originally modeled in
Matlab. These tools may be used as a model primarily to benefit owners of infrastructure
system components and resilience planners. If owners are able to accurately model their
assets, they can begin to implement risk based strategies for mitigating impacts of extreme
wind events through accurately modeling their respective fragility. Adapting the model to
the community’s specific infrastructure and needs will allow owners to access and identify ar-
eas to invest money for recovery of assets. Despite the immense benefit to communities, there
are several limitations of this work. Telecommunication networks are much more complex
than three systems and not every utility pole carries both telecommunication and electric
power lines. Additionally, the fragilities of individual poles and substations may vary sub-
stantially dependent on age, retrofit, site specific conditions, and much more. In this work
the fragilities are sampled from a two single fragility functions. A tool that is capable of
offering finer scale resolution of community level interactions may offer additional insights to
hazard preparedness. The next chapter implements a tool able to quickly represent network
interactions of tens of thousands of asset links and tens of thousands of agents. The main
contributions of this chapter are listed below:

• Based on a 2018 review of community resilience progress and challenges [96], there is
urgent need to generalize existing frameworks to study the post-disaster resilience of
communities impacted by climate-related hazards (e.g. tornado, hurricanes, flood, and
tropical storms). This study indicates wired telecommunication networks subjected
to tornado hazard simulations show high reliance on electric power systems due to
the co-location of electric power and communication cables on utility poles. One can
conclude that instantaneous failure of both systems occurs during the hazard, but the
respective damage state of the utility pole may inform recovery efforts.

• Despite research on the interdependency of power networks and telecommunication
services [141], the development of metrics are needed that than can assess the impact
of interdependent infrastructure recovery. A node’s PageRank is shown to be a bet-
ter indicator of community restoration prioritization strategy than centrality. Graph
metrics can offer communities interested prioritizing recovery by minimizes downtime.

• These findings advance the state of knowledge by highlighting the need for more
telecommunications data and research in one of the first probabilistic hazard simula-
tions of tornadoes on electric power and telecommunication networks at the community
scale.
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Chapter 4

Transportation Infrastructure
Criticality: lessons learned from the
2018 Paradise Camp Fire

4.1 Introduction

California experiences wildfire events frequently throughout the year, and the risk is also
increasing in multiple states including Washington, Oregon, Arizona, and Colorado [106].
The Amazon rain-forest fires underscore the significant magnitude of containing these fires
once they are ignited. In both the U.S. and the Amazons, the overwhelming majority of
forest fires are caused by humans [15, 165]. The economic costs of the 2017 California
wildfires were estimated at $18 billion, with ensuing social costs of interrupted schooling,
housing, transportation, and business operations adding to the trauma and time needed for
recovery [137]. The immediate costs of the 2018 wildfires in California were estimated to be
nearly $25 billion [64]. Such escalating costs are unsustainable. Determining new models for
how communities can identify and reduce the risk of wildfires is essential for the millions of
residents—men, women, and children—who live at the Wildland Urban Interface (WUI).

The WUI is a location where humans build structures and infrastructure near areas prone
to wildfire. Building the capacity for collective action to reduce this massively complex
problem is a task that only the entire community can collectively solve. Testing short-notice
and no-notice transportation evacuation methods on large metropolitan networks remains an
underexplored area of research [41]. The rapid progression of events that characterized the
Camp Fire in Butte County, California, represented an extraordinary alignment of physical,
meteorological, and ecological conditions that overwhelmed the capacity of the network of
organizations that had anticipated and planned for an extreme wildfire event.

This chapter extends on the original work by implementing two dynamic traffic solvers
that show how transportation system dynamics are impacted through traffic control and
various road closure scenarios. These scenarios are not intended to replicate events that
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occurred on the day of the fire. Instead, the aim of these simulations is to verify the impact
of traffic control measures, road closures, and background traffic for 40 evacuation scenar-
ios. Given the importance of accurately modeling no-notice/short-notice evacuation traffic
queues, a dynamic traffic assignment is preferred over a static. A dynamic traffic assignment
is capable of modeling queues and congestion that is more accurate than the common alterna-
tive of volume delay curves. A static traffic assignment models the congestion using volume
delay curves which are derived from limited context specific data and have been shown to
have several drawbacks during short-notice and no-notice evacuations. After the traffic as-
signment method (static or dynamic) is selected, the next important consideration is how
traffic flow propagates throughout the traffic network. This can be done with microscopic,
mesoscopic, and macroscopic simulations. The network size and OSMnx inputs make it ideal
for a mesoscopic simulation. The first mesoscopic traffic simulator used in this chapter is
titled Open Traffic Models, and it was developed by Gabriel Gomes, an assistant research
engineer with California Partners for Advanced Transportation Technology [74]. The second
mesoscopic simulator was developed by the Soga Research Lab group Cambridge Berkeley
(CB) Cities [161]. Given the lack of publicly available data; it would be difficult to validate
any model without obtaining vehicle trip data during the day of the Camp Fire. OTM’s
ability to implement new models and controllers as plugins combined with CB Cities pow-
erful regional scale modeling made these simulators ideal for studying the traffic dynamics
during the day of the Camp Fire.

In this chapter, lessons are shared from six trips to Paradise where decision-makers from
federal, state, county, city, and town organizations were actively engaged in response and
recovery operations related to the fire. The interdisciplinary research team from the Univer-
sity of California, Berkeley, includes three faculty researchers and four graduate students in
engineering, public policy, architecture, and computational modeling. Key findings are sum-
marized from the Quick Response Report [49], which was conducted with support from the
National Science Foundation and administered through the Natural Hazards Center at the
University of Colorado Boulder. Figures 1 includes five photos taken during a February 12,
2019 trip to Paradise. These pictures show the destruction caused by the fire to buildings,
cars, and other structures.

Section 4.2 reviews the preliminary timelines created from trips and decision points that
had a critical impact to residents evacuating during the day of the Camp Fire. Then in
section 4.3 a simplified 15 link and 15 node traffic network of Paradise evacuation is presented.
Simulation results for the simple network are obtained with Open Traffic Models (OTM).
In the simple network scenario, only 4 origins and 2 destinations are considered for the
evacuation of 36,000 residents. Next, a detailed countywide traffic network containing 32,143
links and 13,674 nodes was used to analyze the impact of traffic control measures with a
spatial queue model. The CB Cities model includes a more complex OD structure to capture
the effect of background traffic. The assignment method is optimization based and the second
is shortest path. In section 4.4, the green light ratio, time a traffic light is green during
operation, is varied to determine the impact a specific traffic light in the City of Chico had
in creating a queue that was several miles long. Several bottlenecks along the route to Chico
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and Oroville were identified to determine the increase in system efficiency by increasing the
flow of traffic in the area being most negatively affected by the bottleneck.

Figure 4.1: Several Paradise photos taken by the author from a site visit on February 12,
2019.

4.2 Preliminary Timeline and Critical Decision

Points in Response Operations

In Butte County, residents are aware of the risk associated with wildfires because of the
summer 2018 wildfires. Residents must now grapple with learning to reduce risk under
uncertain conditions. The local fire department in Paradise, Butte County, operates within
the larger network of Cal Fire, the statewide fire protection agency, and developed a detailed
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plan for evacuation of residents by zone in case of fire. The zone map can be viewed in the
Quick Response Report [137]. Prior to the 2018 Camp Fire, in 2016 the Paradise town council
held town meetings to introduce the plan and involved the residents in evacuation exercises
given the limited number of routes out of town. These exercises were intended to reduce
evacuation time and educate residents on best practices. The residents practiced contraflow,
traffic organized in a manner that allows flow in one direction away from a particular place
that does not typically flow in that direction. Thus, Paradise had earned a reputation as a
“fire-safe community”. The main evacuation route out of Paradise is through Skyway Road
which has a total of four lanes. Two roads are dedicated ingress (inflow) while the remaining
two roads are for egress (outflow). During contraflow one of the two ingress lanes is converted
to an egress lane allowing about an additional 1,800 vehicles/hour to exit the town. The
single remaining ingress lane remains in place for authorized emergency vehicles to enter
into Paradise and assist with control of the fire. On the day of the Camp Fire, emergency
vehicles occupying the lane on side of the contraflow lane confused many residents which
caused the evacuation to not be as successful as practiced in 2016. It is also worth noting
that the during the day of the fire, several vehicles were abandoned and left blocking some
of the routes out of town.

Incident Status Summary reports (ICS-209) are useful for mapping critical decision points
in response operations of wildfire complexity dynamics [169]. These reports allow resilience
planners to identify potential vulnerabilities in their recovery plans. An ICS 209 incident
status report was originally requested from Cal Fire; however, the current case is still under
investigation and the ICS-209 cannot be released until it is complete. After six field trips
and interviews with federal, state, and local management agencies, a preliminary timeline of
critical events highlights the devastation caused by the Camp Fire. The timeline begins with
the ignition and ends once the roads have cleared and the shelters empty. At approximately
6:15 a.m. in Pulga, a fire was ignited by sparks from a faulty transmission tower managed
by Pacific Gas & Electric Company, the utility company responsible for providing electrical
power to Northern California [153]. Emergency crews initially set up an incident command
post at West Branch near Pulga to contain the fire, but hot, dry winds picked up embers, and
within an hour, carried them across the canyon approximately 20 miles away to threatening
the town of Paradise. Incident command post is a predesignated management organization
that is temporarily assembled to provide tactical guidance during crises. The sequence of
events leading to the Camp Fire may best be described in the Quick Response Report [49].

In Paradise, ecological conditions, including 237 days without rain and a beetle
infestation in its pine forest, had left the town dangerously vulnerable to wildfire,
with dead timber and dry pine needles providing ready fuel for the flames. These
conditions proved far more complex and dynamic than anticipated by the deliberate
planning process. The serious of events led to the town’s infrastructure becoming
completely overwhelmed with fire in a mater of minutes. An abbreviated timeline,
created from the six field trips, of critical points of decision during the Camp Fire
is shown in Figure 4.2.
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Figure 4.2: Timeline of critical events showing progression of the Camp Fire, Butte County,
November 8, 2019 [49].
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The eight hours between when the fire began in Pulga until when the roads started to
open up again at 2:00 p.m., presented a complex series of challenges; however, the Paradise
community forged remarkable resilience during the event. Members of the community worked
together alongside of strangers completing tasks they had never practiced or planned. The
first evacuation order was given at 8:03 a.m. and within 30 minutes, the entire phased
evacuation plan had been abandoned. By 8:40 a.m., all of the residents were told to evacuate
simultaneously using any of the three available exits. It is not easy to safely evacuate 20K-
30K people quickly. A traffic jam eventually ensued along Skyway towards Chico, the main
evacuation route out of town and planned contraflow road. The traffic jam was is later
studied by varying the green light ratio at the intersection of a red light right outside of
the City of Chico. Operation at the light can cause a substantial queue heading from
Paradise which lasted several miles long. Eventually the queue was cleared, and the roads
opened up. The substantial impact to the traffic flow made this a problem well suited for a
dynamic mesoscopic traffic simulation which has spatial resolution at link level and temporal
resolution at second level. Increasing the amount of time the light is green would have allowed
more vehicles to enter Chico; however, the overall impact to the complex network is not well
understood which makes it an ideal for a traffic simulation capable of capturing the nuances
of queue and large spatial analysis.

Figure 4.3 shows a map of Paradise generated in QGIS from OSMnx data with the two
evacuation destinations and four routes out of town. Destination one is Chico and destination
two is Oroville and Oroville East. County roads are shown in grey and exit highways (Skyway,
Neal, Clark, Pentz, Highway 90, and Highway 70) in blue. For the purpose of simulations in
the later sections, all residents are evacuated all at once. Studies have been investigated to
determine the benefits of phased vs simultaneous investigations [69]. In a staged evacuation
with a grid structure like Paradise with 14 evacuation zones, alternating non-adjacent zones
have been shown to reduce overall evacuation time [39]. Based on the evacuation plan, Zones
2 and 7 (adjacent) were designated to evacuate first, using Pentz Road to Oroville. At 8:15
a.m. adjacent zones 2 and 7 are evacuated. Thirty minutes later Pentz Road, closest to
Feather River Canyon, was quickly engulfed in flames and rendered inaccessible. As the
fire spread, Clark Road also became inaccessible, leaving only two viable routes out of town.
Eventually the roads began to clear up again by 2:00 p.m. All efforts by emergency personnel
and residents focused on evacuation. As the fire advanced through Paradise, the residents
recognized the extreme risk and moved quickly to rescue themselves and their neighbors.
Although 85 lives were lost in this deadly fire, 99 percent of the population of Paradise
evacuated safely in a display of self-organizing collective action for the benefit of the whole
community. There are many lessons to learn from Paradise about evacuating communities
and best practices that may save lives in the future.
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Figure 4.3: Road network of Butte County, California. Fire arrived at Paradise and Magalia
from the east side and nearby Chico and Oroville are two main evacuation destinations [186].

4.3 Methodology

To understand the impact of road closures, traffic light operations, and bottlenecks within the
traffic network, it is helpful to begin with a simplification of the network and calculations
for variables such as arrival time and travel time. Two dynamic simulators are used to
compare initial estimates. The first simulator by OTM is used on the simplified network.
The advantages of this study’s framework over many of the commercially available traffic
simulation tools [90] are the flexibility, performance, and evacuation-specific nature of the
model. OTM can implement a variety of models, and a mesoscopic spatial queue traffic
simulation implemented with 15 links, 15 nodes, 4 source links, and 2 sink nodes. See Figure
4.5 for the simplified network.

The second simulator by CB Cities is used on the entire Butte County network with
road closures and green light ratio scenarios [0, 0.25, 0.50, 0.75, 1] for the traffic light at
the end of Skyway, the main evacuation route. Countywide traffic simulations are needed
to understand how evacuation can be aided by traffic control. This temporo-spatial parallel
computing tool can simulate regional-scale infrastructure networks with hundreds of thou-
sands of links and millions of trips traveling near real time [113]. The full road network
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was generated from OpenStreetMap (OSM), an open source editable map of the world us-
ing volunteered geographic information. Equation 4.1 shows the scenarios considered in the
sensitivity analysis. The base case is green ratio = 0.5, no road closure, and no background
traffic. A table containing a detailed list of scenarios is shown in Appendix C.

5 green ratios× 2 road closures× 4 background traffic = 40 scenarios (4.1)

Preliminaries

The number of vehicles that can evacuate a network is constrained by the number of exits.
Only four routes out of Paradise are considered (Pentz Road, Clark Road, Neal Road, and
Skyway Road). Assuming the uninterrupted flow capacity in the study area is 1,800 vehi-
cles/(hour lane), Skyway has twice the number of lanes and capacity as the other three routes
at 3,600 vehicles/hour compared to 1,800 vehicles/hour. Assuming there are no bottlenecks,
red lights, stop signs, or other capacity constraints, 9,000 vehicles can exit the network in
one hour. If all roads are functional under the above listed assumptions, it should take four
hours to evacuate 36,000 residents (26,000 Paradise residents and 10,000 Magalia residents).
Fewer evacuation routes decrease the chance of all residents making it out of the network in
time enough not to be reached by the wildfire. In a study of 30,000 small towns across the
United States, towns were ranked by their ability to escape disasters [158]. It was found that
the number of egress routes out of the network was the most important factor for safety of
residents. Without sufficient outflow capacity, gridlocks will form. Majority of small towns
in the study only had one exit road per 2,000-3,000 residents.

3,600 v/hr

3,600 veh/hr + (3) ∗ 1,800 veh/hr = 9,000 veh/hr

Skyway Road

1,800 v/hr
Neal Road

1,800 v/hr
Clark Road

1,800 v/hr
Pentz Road

Figure 4.4: Evacuation Capacity of Skyway, Neal, Clark, and Pentz Roads. Pentz, Clark,
and Neal have one lane capacity of 1,800 vehicles/hour. Skyway has twice as many lanes
and thus twice the capacity at 3,600 vehicles/hour.
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Simplified Network Configuration

The simplified network of Paradise consists of 14 links, including four sources links (0, 3, 5,
and 7) and two sink links (14 and 13). The four sources are the points the residents start at
on Skyway, Neal, Clark, and Pentz Road. The two sinks are destination zones in Chico and
Oroville where the resident is marked safe and removed from the network at the end of the
link. Figure 4.5 and Table 4.1 depict the simplified evacuation network and characteristics.

Figure 4.5: Paradise simplified traffic network. [Source links 0, 3, 5, and 7 originate in
Paradise from roads Skyway, Neal, Clark, and Pentz respectively. Sink link 14 is in Chico
and link 13 leads to Oroville. Links 1, 4, 6, and 8 represent the southern evacuation routes
out of Paradise.]

To construct the network shown in Figure 4.5 in OTM, it requires creating a configura-
tion file of the network. Three separate configuration files are needed for the full capacity
and reduced capacity (No Pentz or No Clark) simulations. Each file requires all possible
subnetworks to be defined. An example of a subnetwork (aka path) are links 0,1,2,14. There
are a total of 6 subnetworks in the simplified network. The configuration is defined by nodes
(lat, long), links composed of nodes, and road parameters (capacity, speed, and jam den-
sity). OTM uses a metric system for all calculations. Jam density refers to the traffic density
when traffic flow stops completely, and the standard value for jam density is about 200 vehi-
cles/mile/lane, which corresponds to about 125 vehicles/km/lane. The hourly demand can
now be generated for the subnetwork. The appendix contains a print out of the XML input
configuration file for OTM. The length is calculated from (lat, long) coordinates entered into
Google Maps. The speed limit was verified by using Google Street View. The travel time
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is an estimate equal to the link length/speed. The flow rate in Table 4.1 is obtained from
using a minimum cost (travel time)/ maximum flow problem. These network characteristics
for flow are later used as input in the OTM travel demand.

Table 4.1: Simplified Network Characteristics

Link Length (m) Start Node End Node Speed (kph) Travel Time (sec) Flow (veh/hr)

0 420 0 1 88.5 17 3,600
1 6570 1 8 88.5 267 3,600
2 8096 8 9 88.5 329 3,600
3 370 2 3 88.5 15 1,800
4 10,875 3 10 88.5 442 1,800
5 400 4 5 88.5 16 1,800
6 18,444 5 11 88.5 750 1,800
7 340 6 7 88.5 13 1,800
8 9,753 7 12 88.5 396 1,800
9 7,838 10 9 88.5 318 1,800
10 14,001 11 10 104.6 481 0
11 14,001 10 11 104.6 481 0
12 9,632 12 11 104.6 331 1,800
13 7375 11 13 104.6 253 3,600
14 500 9 14 104.6 17 3,600

Full Network Configuration

The full network of Butte County consists of 32,141 links and 13,674 nodes. Figure 4.6 is a
GIS map created in QGIS of Butte County. There are two network input files (nodes, and
links) used as inputs for the residual demand in the CB Cities spatial queue model. The
node input file contains a node OSM id, lat, long, and signal information (roundabout, traffic
signal, turning circle, stop sign, etc.). The link data is imported from OSMnx, and updated
to contain missing or incorrect data. The link demand file includes id, length, lanes, road
type, max mph, type, capacity, fft, storage capacity, geometry and shortest path calculations
using a parallel computing implementation of Dijkstra priority queue. The road types are
residential, motorway, primary, secondary, tertiary, and trunk which are related to the max
mph. The geometry is used for visualization purposes in QGIS. All of these details are
imported into the mesoscopic dynamic solver to ensure the agents have access to the entire
network.

Trip Generation

Trips are generated with an OD matrix based on the simple or full network. For the simple
network scenario, 36,000 trips are generated from 4 origins corresponding to the evacuation
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points at the edge of Paradise. In the full network scenario, the majority of the trips are
generated from the 36,000 residents at 4 origins similar to the simple network. In addition
to this, home-work trip flow data is used to generate trips for background traffic. There
are a total of 70,872 work trips for Butte county. The National Household Travel Survey
reports that on an average workday, work trips constitute 64 % of trips during the AM peak
[171] which typically occur between the hours of 6 a.m. and 9 a.m. It can be estimated that
approximately 15,000 or 20% of work trips happen every hour. In this study, background
traffic is increased up to 50% of all home-work trips in Butte County. This value is more
than three times the amount of background traffic used in similar studies [49]. Background
traffic is any traffic whose purpose is not evacuation. This may include trips generated to
work, home, and leisure that are not related to the evacuation. These trip flows are from the
Census Transportation Planning Package (CTPP) website shown in Figure 4.6. The website
can filter flows from state, county, census tract-level. The census tract-level information is
used for this study. The first column in output is residence census tracts, and the second is
workplace census tracts. Estimate and margin of error are included for statistical significance
calculations.
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Figure 4.6: Census Transportation Planning Package Data for Butte County

Figure 4.7 includes the 51 census tracts used to generate work-trip flows. After the trip
flows are obtained from CTPP data, the OD matrix is generated in the form of census tracts.
Each trip represents one home to work trip that is taken by the resident therefore no car
pooling is assumed. OSMnx can be queried for links and nodes based on state, county,
and census tract. This is how the OD matrix is converted from census tracts to randomly
sampled nodes. Census tracts are a unit of measurement used in transportation studies for
traffic analysis zones. The census tracts vary in size and location, and they coincide with
geographic regions used for census purposes. Census tracts typically contain between 1,000 -
8,000 people with an optimal size of 4,000 individuals. Census tracts should not be confused
with census block groups which generally contain between 600 - 3,000 people.
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Figure 4.7: 51 Census Tracts for Butte County

Figure 4.8 shows the 13,674 node network used for the entire Butte County which is on
average 260 nodes per census tract and covers all routes in the network. Many of the streets
only have one node indicating it is at the end of a route. Over 33% of the streets have only
one node. Once the data is downloaded from the CTPP, the home-work trips used for OD
analysis are in units of census tracts. Recall from the configuration section, OD data needs
to be specified by the start node ID and end node ID, thus the census tract-level OD needs
to be converted to nodes for input in the model. OSMnx can query all nodes in terms of
states, counties, census tracts, and neighborhoods. A python script using a random package
was programmed to sample with replacement all nodes in the census tract. Each census
tract has at least 50 nodes to sample from; some census tracts have hundreds of nodes.
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Figure 4.8: Butte county node network: 13,674 randomly sampled to create origin destination
values.

Trip Distribution

In the simplified network evacuation scenario, background traffic is not considered. During
the investigation, it was reported that approximately 30 percent of the residents went to
Oroville and 70 percent to Chico based on the closure of Pentz, Clark, and Neal road [49].
Many people who were supposed to evacuate to Oroville did not and instead chose to go
to Chico because of family, work, and/or some other reason. For the full network scenario
analysis, all 13,674 nodes are sampled to create home-work trips that are based on census
tract zones. Since each trip created is independent of the previous trip, it is possible that a
location can be generated more than once as a origin or destination.

Traffic Assignment

Different assignment methods are used for simplified network and full network. In the both
methods, the traffic assignment problem can be represented as a network flow. The two
requirements are to conserve vehicles and vehicle characteristics (travel time, travel cost,
emissions characteristic, etc). By conserving vehicles, it is required that vehicles are not
created or destroyed in the environment (i.e. every origin has a matching destination and
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there exists a path where vehicles can enter through a source and exit via a sink). The
shortest path problem finds the path between two nodes in a graph such that the sum of
the weights of its edges is minimized. In the simplified assignment, the network can be
represented in terms of its flow-balance equations in order to minimize travel time while
maximizing network flow given capacities. This approach is an optimization based. The
second assignment, or one-shot, finds the shortest path between all links and assigns the
traveler the path [37]. Although the assignment methods are different, the shortest-path
route choice is assumed. Shortest path calculations for each OD pair are completed using a
built CB Cities models or a python API in the OTM.

Evacuation Planning

Given the lack of availability of data, the simulations are not intended to reenact exact
conditions for peak hour travel or the Camp Fire specifically; however, they do aim to offer
insights into potential bottlenecks and the impact of evacuation on surrounding communities.
This underscores the importance of communication, especially across city boundaries. These
simulations deploy dynamic models to evaluate, e.g., the impact of closing certain roads
such as Pentz Road on affecting route choice and travel time on the day of evacuation.
Additionally, modeling traffic buildup in Chico as a result of limited communication between
Paradise and Chico on traffic congestion is also of interest. Implementing contraflow will offer
insights on the minimum amount of time needed to evacuate Paradise under ideal conditions.
Overall, this exercise demonstrates the usefulness of simple, efficient and flexible regional
scale traffic models towards the understanding of various travel and evacuation scenarios.
There are many practical insights community resilience planners can obtain through the
sensitivity analysis performed in this chapter.

4.4 Analysis

Figure 4.9 presents the OTM results of the evacuation of Magalia and Paradise using the
simplified 14 link network. The links are numbered corresponding to the network shown
in Figure 4.5. Links zero and one are Skyway links with the highest traffic volume per
link (2,000 vehicles) and flow count. In the simulation, the evacuation took seven hours
to complete which is 3 hours more than the time assuming no stop signs, traffic lights,
bottlenecks, traffic density, or any other obstruction. These travel time results indicate a 54
% increase in travel time for residents compared to the initial calculations of the minimum
cost, maximum flow optimization problem in section 4.3. This indicates queues and traffic
congestion play an important role in short-notice and no-notice evacuation simulations. Since
static simulations cannot model time-varying congestion phenomena, a dynamic simulation
is preferred to create the effects of the travel that resemble mass evacuation.
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Figure 4.9: Open Traffic Model (OTM) Preliminary Results
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The top graph in Figure 4.9 depicts the elapsed time vs. vehicle count for the 14 link
simplified traffic model. The road links (Skyway and Neal) with high vehicle counts (blue
(1), green (2), purple (4), darker blue (9), etc.) have a trapezoidal shape for their vehicle
count due to the downstream capacity limits of Chico. These links volume increase over time
until a max link capacity is achieved. After all the remaining vehicles are loaded onto the link
(approximately 19,000 seconds for link 2), the vehicle count decreases as the vehicles begin
exiting the link. This graph is a depiction of the link storage over time showing the traffic
implication. The bottom graph depicts the travel time vs. flow (vehicles/hour). In OTM,
each link has a capacity value. Single lanes are 1,800 vehicles per hour, and double lanes
3,600 vehicles per hour. Most links in the graph oscillate around 3,600 or 1,800 indicating
that at some points this flow goes above or below the capacity constraint set by the link.
We can observe the evolution of the simulation by the bottom graph as well. The flow rate
of link 0 starts at 3,600 because Skyway has two links, and shortly after this value decreases,
until completely dropping off at 16,000 seconds. The value decreases shortly after because
of congestion, and after 16,000 all of the vehicles are loaded onto the network.

As mentioned in previous chapters, degree centrality can be used as a measure of resilience
in infrastructure networks (including transportation) by determining nodes whose removal
is critical to the functionality of the network. Figure 4.10 shows the network centrality
visualization for Chico, Oroville, and Paradise. The networks are assembled from left to
right in decreasing link centrality. Chico has a higher degree of centrality than Oroville
and Paradise, which may lend some explanation as to why it was the most sought after
destination on the day of the fire. Chico is a well connected large network with substantially
fewer one ways than Paradise. The code used to calculate the normalized link centrality is
in Appendix C. The following sections include using the full network of Paradise to simulate
the evacuation to the four evacuation routes followed by analyzing the regional evacuation
on the simplified network.

Figure 4.10: Centrality: Chico, CA Oroville, CA Paradise, CA
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Green Light Ratio

During the day of the evacuation, the traffic light played a role at a critical intersection
near Chico. This caused a traffic jam that stretched the entire length of Skyway. In order
to understand the impact of the green light ratio on traffic flow along Skwyway towards
Chico, 30 scenario analyses were performed. The green light ratio was varied from 0, 0.25,
0.50, 0.75, and 1. A green light ratio of 0 means that the light is all red for the duration
of the signal. A value of .75 indicates that the traffic signal is green 75% of the time. On
average, when the green light ratio is 0 (i.e. the exit at Chico is completely blocked), 52%
of the vehicles do not arrive to their destination. The number of vehicles exiting a route is
dependent on the capacity. When the green ratio = .50 in Paradise, it takes 28,000 seconds
for 36,000 vehicles to make it to their destination. Figure 4.11 is a QGIS visualization at
2,000 seconds at green ration 1 (a), .75 (b), .50 (c), and .25 (d). When the light stays green
(i.e. green ratio = 1), the last vehicles to exit the network, come from Clark Road indicating
there is a bottleneck along the route that is causing vehicles to queue along the route. When
the green ratio = .75, the only remaining vehicles on the network in the final 2,000 seconds
are still from the Clark Road route. With a green ratio of 0.5, a queue begins to form along
Skyway showing the delay caused by reducing the green ratio to half the signal time. Finally,
when the green ratio = .25, the queue formed along Skyway is longer than the bottleneck
along the Clark Road route.

Figure 4.11: Green light ratio queue density visualization via QGIS
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Road Closure

On the day of the disaster, two roads were rendered inaccessible due to the fire (Pentz Road
and Clark Road). There is no detailed information on when exactly the roads closed and
reopened. Therefore, the roads are assumed to be closed and unavailable for the duration on
the simulation. A total of 40 road closure scenarios were completed to better understand the
impact of closures and the identification of bottlenecks. On average, there was a 28% increase
in travel time with a road closure of either Clark Road or Pentz Road. Figure 4.12 are four
QGIS visualizations of the queue densities formed by the 36,000 evacuees at 1,000 and 2,000
second snapshot of Pentz and Clark road closures. Figure 12 (a) is a QGIS visualization of
Clark road closure a 1,000 seconds, (b) is a Clark road closure at 2,000 seconds, (c) is a Pentz
road closure at 1,000, and (d) is a Pentz road closure at 2,000 seconds. The visualizations
show that in the Clark road closure (a & b) , residents are routed to Pentz road. When
Pentz road is closed (c & d), residents are routed to Clark and Neal Road. Closing Clark
road causes a 27.5% increase in travel time, 10,000 seconds. Rerouting the residents from
the closed road takes an additional 2 hours and 45 minutes to evacuate. The 1% difference
in increase of travel time for Clark and Pentz implies that a road closure of either Clark
or Pence has the same relative effect on the system. This information may be valuable to
emergency planners as they consider the impact of road closure during the evacuation. The
blue and red links indicate traffic volume on a particular link. The higher the congestion is,
the darker the shade of red the link will be. Figure 12 (c) and (d) depicts larger queues form
from the closure of Pentz than Clark at both 1000 and 2000 seconds.

Figure 4.12: Road closure queue density
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Background Traffic

Background traffic is the additional traffic on the network from all individuals in Butte
County not included in the evacuation from Paradise. For example, those who live outside
Paradise but work in Chico. For the purpose of this analysis, the background traffic was
generated from home to work trips for Butte county residents. As mentioned previously,
typical background traffic used for analysis is in the range of 10% -15%. In this section,
scenarios with varying background traffic (0%, 10%, 20%, 30%, and 50%) are studied. In the
10% background traffic analysis the travel time difference is negligible. This indicates that
10% of background traffic has no affect on the individuals evacuating. At 30% background
traffic the additional travel time is 3,000 seconds which is a 10% difference than the base
case of no background traffic.

Figure 4.13 is an arrival curve graph with the green ratio = .5 and 50% background traffic.
Three scenarios are graphed: travel time with background traffic arrival removed (light blue),
travel time with background traffic (orange), and travel time with 36,000 evacuees under the
50% background traffic scenario (dark blue). The increase in arrival time of adding 10%
background is only a 2% difference. It can be inferred from the small increase in travel time
that the background work trips have minimal effect to the overall network. Furthermore, the
addition of 50% background traffic increases the arrival time by 11%. The impact on travel
time may be a result of the trip locations (i.e. evacuation destination is only two points)
and the evacuees are confined to using only 4 exit routes out of Paradise in the entire Butte
County network. On the day of the evacuation, trip origins were spread across the entire
Town of Paradise, and the residents’ destinations were spread across the network which
can be fully represented with 13,674 nodes. By constraining the destination to two nodes
and the starting location to four nodes, some network dynamics are not captured; however,
given the information obtained during the investigation, these assumptions are sufficient for
representing regional impact of evacuation scenarios of Paradise.
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Figure 4.13: Arrival curve with varying background traffic.

Conclusion

In the previous sections, the sensitivity analysis is conducted to compare against the base
case to observe the influence of green light ratio, road closure, and background traffic on
evacuation of Paradise residents. Figure 4.14 shows 12 scenarios analyzed for a green ratio=1
(e.g. adjust the signal at the Chico end of the evacuation route to allow the evacuees going
east to west and blocking the non-evacuation traffic traveling south to north. The other
results for the 28 scenarios are in Appendix C. The results indicate very similar trends in
the simulation, except variations in magnitude with respect to the scenario (green ratio,
background, and road closure). The most important factor is the green ratio, then road
closure, and finally background traffic. The higher the green ratio, the faster the residents
can evacuate towards Chico. A single road closure can have upwards of a 28% increase in
evacuation travel time. Adding 50% background traffic caused an 11% increase in evacuation
travel time. Given the lack in variability in the data, it may be assumed that the variables
that most importantly impact the evacuation of the Paradise residents are accounted for
or the important variables are not captured. The arrival time ranges from approximately
28,000 seconds to 38,000 for the 28,378 to 57,414 residents that reached their destination. It
can also be inferred from the graph that the result of closing either Clark or Pentz road is
the same in term of arrival time. This is a result of the equal number of residents evacuating
from Clark and Pentz as well as the capacity of 1,800 vehicles per lane per hour. In each of
the scenarios for road closure, Pentz and Clark begin with the same arrival rate and then
at approximately 15,000 seconds the two travel times diverge. This difference in additional
travel time is a result of the bottleneck along Pentz road.
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Figure 4.14: Green Ratio Simulation Results
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4.5 Summary and Main Contributions

With communities continuing to shift towards living in urban areas, the threat of wildfire
increases near the wildland urban interface. This concentration of human built structures and
infrastructures are near areas prone to wildfire. This chapter extends on the original work
published in 2019 on using agent based modeling of large scale transportation networks[113]
by implementing two dynamic traffic simulations as opposed to a static simulation. In
evacuation transportation literature, dynamic traffic simulations are typically chosen for their
ability to model congestion which is crucial for understanding community travel patterns.
Six in person field trips were taken to the fire impacted region to obtain crucial information
for recreating network dynamics (road closure, background traffic, and green light ratio).
The field trips were integral in developing a preliminary timeline and identifying critical
decision points in response operation. Interviews with key stakeholders such as the mayor’s
office, fire department, law enforcement, and engineering services provided many responses
that became inputs for the model. A sensitivity analysis is performed through simulating
40 scenarios. Initially a simplified 14 link model is used to observe the impact of evacuating
more than 30,000 residents. Results from the simplified network indicate the importance of
network congestion and road complexity. Next a full configuration network with 32,141 links
and 13,674 nodes (also used to randomly sample origins and destinations) is developed and
implemented to study three limited research parameters in evacuation modeling. The green
light ratio, road closure, and background traffic are varied to understand the overall impact
to travel routes and times.

The traffic simulation offers an innovative approach for communities to rethink the de-
sign, construction, and management of traffic on a regional scale for Paradise. By simulating
road closure and green light ratio values over time and the transportation network, it is
possible to understand the importance of the Camp Fire scenarios. Overall, this exercise
demonstrates the usefulness of simple, efficient and flexible regional scale traffic models to-
wards the understanding of various travel and evacuation scenarios. The main contributions
of this chapter include identifying the influence of green light ratio, background traffic, and
road closure to the residents of Paradise. The green ratio has the largest impact on evacu-
ation, for example, a green ratio equal to 25% cause an over 100% increase in travel time.
A single road closure had a 28% increase in travel time. The effect of background traffic on
the town evacuation is shown to be negligible (2% increase in travel time). The limitations
to this research include lack of accurate trip date (single origin/destination trips). There is
also no data than can be easily/freely obtained to validate this work with vehicle trips from
the day of the Camp Fire. Finally, there are many nuances in evacuation modeling that are
complex to recreate (traffic control, route choice, loss of power, loss of communication, fire
temporary rendering a road inaccessible, abandoned vehicles, panic, etc.). Three different
types of analyses are performed on Paradise (e.g. centrality, simplified network simulation,
and full network simulation). The centrality results indicate that Chico’s traffic network is
much more well connected than Oroville’s network and is more centrally located which may
have contributed to many residents instinctively selecting Chico as their destination despite



CHAPTER 4. TRANSPORTATION INFRASTRUCTURE CRITICALITY: LESSONS
LEARNED FROM THE 2018 PARADISE CAMP FIRE 66

practising evacuating to Oroville. The main finding from the simplified network is under-
standing that congestion is important in modeling large scale mass evacuations to nearby
communities. The full network was capable of capturing the impact of the green light ratio
which was shown to be critical in simulating evacuation scenarios. Depending on the com-
munity needs, it is important for emergency planners to adopt the appropriate tool given
their needs. In order for the simulation results to be useful to communities, the tool must be
capable of incorporating the community’s unique network and neighboring communities. A
tool cable of embedding additional agent characteristics such as race, may give community
resilience planners additional insight into identifying particularly vulnerable populations.
Towards, this aim chapter six further expands this work by incorporating additional agent
attributes. The main contributions of this chapter are listed below:

• In the past two decades, traffic simulations have been used to evaluate evacuation plans
and develop strategies for managing evacuation traffic [168, 103, 40, 59, 58]. Very few
studies have performed a sensitivity analysis on background traffic, green light ratio,
and road closures. Not optimizing the green light ratios in critical intersections during
mass evacuation can cause cascading delays in transportation evacuation at the regional
scale. Additionally, the green light ratio was shown to create a greater increase in travel
time than both road closures and background traffic in mass evacuations.

• The impact of additional travel time due to background traffic in an evacuation is
shown to be negligible up to 40%. It is often assumed that traffic on the network
during an evacuation impedes the flow of the evacuation substantially; however, this
study indicates that the effect from riders already on the network may be minimal.

• This research advances the state of knowledge in the emerging field of traffic simu-
lations of mass evacuation exposed to fire hazards. These highly dynamic situations
are difficult to predict for the variety of factors mentioned above; however, this study
presents a methodology for modeling and test case results using survey results and
publicly available data.
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Chapter 5

Identifying network vulnerabilities in
New Orleans due to flooding hazards
with traffic simulations

5.1 Introduction

New Orleans, LA is a metropolitan city with a diverse population and a longer history than
the United States. Its proximity to the Gulf of Mexico and access of the Mississippi River
have made it a desired location for centuries. In 1682, French explorers claimed ownership of
La Nouvelle-Orleans, currently known as New Orleans [89]. The city was officially founded
36 years later in 1718 by Jean Baptiste Le Monye de Bienville for the Duke of Orleans. The
city was later ruled by the Spanish for forty years before being purchased by the United
States in 1803 with the Louisiana Purchase [94, 79]. Not only did this purchase double the
size of the US, it provided access via water from the Gulf of Mexico to Minnesota. Over
the years, New Orleans has blended the history of its previous owners to create the unique
place it is today. Much of this history is still ingrained in the city from its Mardi Gras
culture which derives from the French meaning ”Fat Tuesday” to the French Quarter which
is composed of Spanish architecture (flat-tiled roofs, tropical colors, and ornate ironwork).
Even many of the streets today bear the name of these French and Spanish influences such
as Bienville. Unlike the other 49 states, Louisiana’s territory is made of parishes as opposed
to a counties. Under both France and Spain rule, Louisiana was officially Roman Catholic
and the boundaries coincided with church parishes.

Since its occupation, New Orleans has suffered from uncontrollable flooding which led
to human-made intervention strategies which primarily included trying to control the flow
of the widest river on the planet [148]. One of the oldest and most organized construction
efforts took place from the early 1800s to 1930s and known as the Mississippi Delta Levee
Camps [111]. Levee contractors shared strong white supremacist beliefs, and were known for
taking advantage of black workers. On June 28, 1879 the United States Congress created
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the Mississippi River Commission [110] whose responsibility was to address the main con-
cerns: navigation and flood control of the Mississippi River. Despite hundreds of years of
engineering and innovation, residents of New Orleans have not been able to stop unwanted
water from the Mississippi River or Gulf of Mexico.

One of the most notorious and recent flooding infrastructure failure was Hurricane Kat-
rina in 2005. This storm quickly overwhelmed the structural capacity of the infrastructure
system that still has not completely recovered. A cloropeth map is a colored proportion to
a statistical variable such as population, vehicle ownership, poverty status, etc. for a given
geography such as parish. Figure 5.1 is a cloropeth map of populations of all 64 parishes with
the 8 parishes comprising the Greater New Orleans Metropolitan Area (GNO) numbered in
red. To place the post Katrina population shift in perspective, in 2000 the population was
483,770 (CITE). Population for 2020 is 390,128, and as seen in the figure, Now Jefferson
Parish leads the GNO in population with 444,275. It has been over 15 years since Hurri-
cane Katrina, and many residents never returned home. To further understand the impact
of flooding on community residents, traffic simulations are used in this study to assess the
impact on socioeconomically disadvantaged residents.

Figure 5.1: Cloropleth map of population of all 64 parishes in Louisiana with Greater
Metropolitan New Orleans counties highlighted in 2012.

To assess the resiliency of transportation networks under a large scale natural disaster
event, city planners are often interested in simulating traffic movement under various sce-
narios. Incorporating statistically significant neighborhood demographic information in fine
resolution quasi-static traffic simulations can assist planners in replicating typical and non-
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typical traffic behavior as well as the estimation of travel time by different traveller groups
[113].This study varies from many traditional traffic simulations by allowing for complex and
large networks with over 100,000 agents in less than a minute. The code used to implement
these analyses are derived from cb-cities [43] and pandana [170]. With advances in computa-
tional capacity such as a distributed framework and the use of High-Performance Computing
(HPC), researchers can update travel journey information every few minutes. The Census
Transportation Planning Products (CTPP) provides a variety of spatiotemporal information
about commuting modes, trips, costs, and income [176]. Using CTPP information coupled
with the Street Light Data platform, this work seeks to develop computational frameworks
for assessing community resilience of transportation networks exposed to flooding. This re-
search is framed in the context of environmental justice by quantifying the disproportionate
effect (increased travel time) of the most vulnerable community members who are exposed
to greater risk.

For the purpose of this analysis, autonomous travelers interact in a transportation net-
work under a set of design objectives and constraints to assess overall system performance.
Currently, inputs for the simulation include boundary specifications and an origin destination
matrix for the travel periods of interest. The boundary is given as a shapefile downloaded for
the city/county of New Orleans from OSM. The origin destination matrix is generated from
household travel surveys from the U.S. Census that are later aggregated by census tracts.
This study seeks to show the significance of neighborhood demographic data by running
various traffic simulations for New Orleans’ transportation network.

1.1.3 Urban Environmental Design

Over the last 110 years, New Orleans has been flooded six times by hurricanes: 1915, 1940,
1947, 1965, 1969, and 2005 [151]. This includes Hurricanes Camille and Hurricane Betsy in
the 1960’s which caused devastating damage throughout the city. The Greater New Orleans
(GNO) Urban Water Plan was developed in 2013 in an effort to create a comprehensive,
integrated and sustainable water management strategy for the east banks of Orleans Parish,
Jefferson Parish, and St. Bernard Parish [62]. This 50-year plan was created out of a set
of workshops with Dutch and US experts trained in engineering, urban design, architecture,
city planning, and geohydrology. In addition to water system upgrades, this plan proposes
several transportation infrastructure enhancements such as “floating streets” for storing and
infiltrating storm water and road narrowing/widening for directing water flow. All possible
alternative infrastructure designs should be considered before replacing deteriorating infras-
tructure. These options should be discussed with policy makers, advocacy organizations,
and most importantly the public.

A combination of solutions can often provide communities with better cost benefits; espe-
cially living system components such as wetlands, sandy beaches, and/or living breakwaters
(these are not viable options in regions where levees and floodwalls are constructed). Figure
5.2 presents a diagram that can be used to create a variety of structural and non-structural
design alternatives.The vertical axis is defined by the percentage of the physical infrastruc-
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ture that uses walls versus land forms; the horizontal axis is defined by the percentage of
design components that are dynamic versus static forms [81]. Artificial structures created by
humans predate 2500 BCE in Egypt [166]. It is important for resilience planners to consider
the effects on geomorphology and ecology of the community [35, 129]. Some physical struc-
tures may negatively impact sediment transport, salinity, flooding, and animal movement or
reproduction. The figure can provide communities with an array of design alternatives that
helps mitigate negative impacts while maximizing protection.

Figure 5.2: Typology solution space defined by four ideal types (static, dynamic, walls, and
landforms) that establish gradients of similarity to the ideal solution. [81]

.

5.2 Methodology

The research goal explored in this study is to understand the impact to different races on
safe vs convenient shelter locations for a subset of New Orleans East that is flooded. The
safe shelter location used to simulate work trips is in Slidell, LA while the convenient shelter
location is the Mercedes Benz Superdome and Smoothie King Center in downtown New
Orleans. New Orleans’ street network was queried from OSMnx in ths same manner as
discussed in Chapters 1, 3, and 4. Figure 5.4 is a QGIS visualization of the links and nodes
downloaded from OSMnx. The information is quite detailed for the city, and includes the
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following attributes for links: osmid, street name, street type (residential, motorway, primary,
secondary, tertiary, and trunk ), one way, GIS geometry, lanes, max speed, bridge, and
junction. Additionally, the node file contains: osmid, x coordinate, y coordinate, intersection
details (traffic signal, stop sign, etc.) and GIS geometry. The main attributes used in this
analysis are osmid, GIS geometry, lanes, max speed, and junction. The nodes and links files
are converted into pandana which is a C library that uses contraction hierarchy for shortest
path computation. This is most particularly helpful with parallelization which is the process
of breaking a large problem into smaller ones and running the computation at the same time
to converge to a faster solution. This significantly reduces the computation time required
to run the shortest path calculations. These attributes are imported into a semi-dynamic
solver to ensure agents have access to the entire network in New Orleans. Real dynamic
solvers update every few seconds or minutes, real static solvers update every hour or never,
and semi-dynamic solvers update every 15 minutes.

Figure 5.3: New Orleans street network with 40,080 links and 15,241 nodes.

For the New Orleans’ Origin Destination (OD) matrix, the trips are generated using the
15,241 nodes and 177 census tracts from home to work trip flow data. There is no background
traffic considered in this analysis based on the relative small impact that background traffic
made on mass evacuation traffic simulations of a community after a natural hazard shown
in Chapter 5. This chapter goes an additional layer of gradation by incorporating race into
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the simulation. Their were originally 101,665 trips generated for the home to work trip flows
for residents who live and work in the city. After generating trips by percentage of race, the
final trip count contained 97,010 origin trips with 50,460 African Americans (AA) and 46,550
non African American (non AA) trips. The trip origin-destination data for race and work
trips are obtained from the Census Transportation Planning Package (CTPP) website. The
data can be filtered by geographic region (state, county, census tract-level). New Orleans
has 177 census tracts that typically contain between 1,000-8,000 people. This geographic
unit of measurement is commonly used in transportation studies. Some of the census tracts
(22071000601 and 22071000902) only have AA living and commuting to work. Other census
tracts like 22071980000 only have non AA living and commuting to work. Figure 5.5 includes
the 177 census tracts that make up New Orleans.

Figure 5.4: 177 census tracts of New Orleans used to generate origin and destination work
trip flows.

New Orleans’ street network is unique because of the merging of cultures over time. In an
analysis of 27,000 urban street networks in the US, New Orleans was found to be the densest
with 49.4 intersections per km2 (CITE). This is primarily due to the architectural layout
”shot-gun houses” which comprise a majority of the housing layouts in downtown. Another
unique feature of New Orleans is its high proportion of 4 way intersection indicating a grid-
like connected network. New Orleans is classified as a central city given its connectedness
and fine grain road network. This differs from the Berkeley network and Paradise network
which have overall less connectivity and limited egress points. The French Quarter has a
great number of streets per node which is common in older neighborhoods with orthogonal
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grids. Figure 5.5 is an OSMnx visualization of edge closeness centrality of network links for
New Orleans. Several areas have higher centrality values. This includes the Central Business
District, Gentilly, and Gertown. Both Gentilly (Dillard University) and Gertwon (Xavier
University) have universities in their neighborhoods that are each over 150 years old. This
may have contributed to the centrality of the network as university officials sought to connect
the universities to the rest of New Orleans.

Figure 5.5: OSMNx visualization of centrality of network edges in New Orleans, LA.

Flooding in New Orleans East

In the next section, an area of New Orleans is randomly flooded and the overall impact on
the traffic network is studied to see the additional travel time for residents commuting to
work in the affected area. Figure 5.6 is an elevation map of New Orleans by neighborhood
and major streets. Areas on the banks of the Mississippi River are above sea level while some
areas such as New Orleans East, Gentilly, and Chalmette are over 13 feet below sea level.
This figure is very similar to Figure 5.3 depicting the standing floodwater depths experienced
during Hurricane Katrina. The flooded location is selected at random to see the impact of
relocating residents immediately following a disaster. This location is New Orleans East
which is approximately 20% of the population.
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Figure 5.6: Map of New Orleans elevation by neighborhood with major streets.

Two locations were selected as the relocation shelters not to be used at the same time,
but for comparing the two schemes based on previous migration after Hurricane Katrina.
The first location is selected for convenience, and the second location is selected for safety.

The first location is within the city and is the New Orleans Superdome and Smoothie
King Convention Center in the Central Business District. This shelter location is optimal
for residents wishing to stay in the city. The Superdome and Smoothie King center have a
combined capacity of 80,000. There are a total of 14,843 trips that are in the impacted tract
in the New Orleans East shelter area shown on Figure 5.8. There is infrastructure capacity
to support family if they needed to evacuate as well. Finally, there is adequate parking to
house residents’ vehicles.

The second location is in the city of Slidell. This city is within St. Tammany Parish which
is one of the parishes in the GNO, and it is 24 miles from New Orleans. The northern shelter
point denotes Slidell, and it is selected for safety reasons. The St. Tammany network is much
more sparse offering residents more options to relocate among the city and surrounding cities
on the Northshore. Other possible shelter locations include Baton Rouge which is the state
capital; however, the city is over 81 miles from New Orleans.
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Figure 5.7: Shelters used to generate home to work trips in New Orleans and Slidell for
flooded residents.

5.3 Analysis

Travel time statistics were calculated for each agent by race (AA, non AA, and everyone).
First, an OD matrix is generated for non AA and AA based on CTPP work trip flows for
each census tract in New Orleans. Next, a semi-dynamic traffic simulator is used to generate
traffic flows for residents and travel time is recorded for each agent. Finally, two shelter
locations are selected in a flooding scenario, and home trip flows for affected census tracts
are replaced with shelter locations. The top graph in Figure 5.8 visualizes the travel time
simulation results for the semi-dynamic simulation. Several assumptions were made to get
the travel time for the various groups. Some work trips are very short (i.e. walking or biking
length), and any trip that takes 3 minutes or less is assumed to use an alternative mode of
transportation other than automobile. It is also assumed that background traffic does not
impact work trips significantly and is not included. Traffic is updated every 15 minutes,
and this is assumed to be a good proxy for representing the single trip work flows. Overall
the travel times were shorter than anticipated based on data from www.city-data.com;
however, the simulation and website data both have a normal distribution but the data is
skewed to the left with lower travel times. This difference is most likely due to the exclusion
of background traffic and because the bottom graph in Figure 5.8 includes various modes of
transportation. Additionally, the website does not detail whether the travel time to work
includes preparation and travel time to mode of transportation. Therefore, an additional ten

www.city-data.com
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minutes is added to each work trip flow to account for the skewness of the graph. The graph
shows that the non AA average travel time under 20 minutes is higher than the AA travel
time. For travel time greater than 20 minutes, the AA average travel time is higher than
the non AA travel time. The majority of the long work trips (20 minutes or more) are AA.
The travel time by census tract is graphed later to see the impact of geographical location
to work. The bottom graph in Figure 5.8 seems to have a considerable number of 60, 90,
90+ travel time trips. Given the assumptions made earlier (transportation mode and no
background traffic) as well as only considering ”inter-city” trips, the simulation results are
expected to have relatively few trips over 60 minutes. Given the focus of this research, this
is acceptable. The average travel time for AA is 21.3 minutes and non AA is 16.99 minutes
which is a 22.5% increase for AA.

Figure 5.8: Graph of average travel time by race to work from trips generated by New Orleans
CTPP work trip flows (top) and graph of travel time to work for New Orleans residents for
all modes of transportation. Before accounting for skewness of graph by adding 10 minutes
to each agents travel time to account for variances in survey questions and methodology.

The travel time for all agents are determined quarterly (every 15 minutes). interval. To
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view the traffic evolution over time, the link (road) volume results are plotted using QGIS in
Figure 5.9. The link volume is partitioned into five intervals and displayed in four different
shades of red. If there are less than 100 vehicles on a road, the edge volume is white. In
the first time step in the left upper corner, there are 27,777 vehicles on the network, with
majority of the links (21,684) having between 4-100 vehicles. In the last fifteen minutes
(bottom right corner), 1,837 vehicles are on the network. There are several insights that can
be drawn from the figure. Although the vehicles are assumed to leave instantaneously, the
traffic volume is the highest from 30 minutes to 45 minutes. Shortly after an hour, majority
of the trips are complete. All travel times are less than 90 minutes. From the last two
graphs, majority of the trips occurring in the last thirty minutes are long trips that occur
from one end of New Orleans to the other. It is also work noting that during the interval
30 minutes - 45 minutes, the high volume traffic links are also high centrality links. Streets
that run along interstate 10 and highway 90 have high centrality and traffic volume because
interstate 10 and highway 90 are key regional routes.
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Figure 5.9: QGIS visualization of traffic volume in quarter hour intervals of the residual
demand traffic simulation results.
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Table 5.1: Summary statistics for New Orleans census tract average travel time.

AA nonAA
Min 14.5 13.0
25th % 16.5 15.2
50th % 18.4 17.0
75th % 21.1 19.3
Max 33.6 53.2
Avg. 19.4 18.2
Std. 3.8 4.7

Table D.1, Table D.2, and Table D.3 located in the Appendix contain the average travel
time for AA and non AA work trips using census tract trip flows in New Orleans. More
than 90% of the census tracts have higher travel time for AA. Many census tracts with large
travel times live the furthest from Downtown. Table 5.1 shows the summary statistics for
the home to work trips for all census tracts in New Orleans. The average travel time is for
non AA at 18.2 minutes with the maximum average travel time for non AA as well at 53.2
minutes. This is almost double the maximum travel time for AA at 33.6 minutes. Most
jobs are typically located near the city center or downtown. Census tract 22071001735 non
AA travel time is 53.2 minutes and tract 22071001741 AA travel time is 33.6. These tracts
are located in New Orleans East, and have an average work travel time that is 25% higher
and 2 times higher than Orleans Parish respectively [146]. The proximity to downtown and
transportation dynamics may contribute to the substantial travel times associated with these
tracts. Despite these outliers, the average travel time of all the census tracts is 7% higher
for AA than non AA.
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Figure 5.10: Graph of average travel time for all census tracts by race to work from trips
generated by New Orleans CTPP work trip flows. After accounting for skewness of graph
by adding 10 minutes to each agents travel time to account for variances in survey questions
and methodology.

Figure 5.12 contains two chloropleth maps of the average travel time per census tract for
non AA and AA residents. The census tracts on average are darker blue for AA indicating
longer home work trips. Regardless of where AA are commuting from, there time to commute
is longer than AA except for a few exceptions. One of these exceptions is census tract
22071001734 which does not contain any AA residents in the Pike Fort community at the
boarder of New Orleans located near Fort Pike State Historic Pike. The residents in this
census tract have an average travel time of 53 minutes which is the largest travel time for the
city. For both groups, the census tracts which are furthest from the Central Business District
are darker. This indicates that majority of the trip commute is a product of distance.
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Figure 5.11: Choropleth map of average travel time for non African Americans and non
African Americans by census tract.

Figure 5.13 shows the travel time by AA, non AA, and everyone for the Slidell relocation
scenario which is done with a focus for safety. Slidell is approximately 13 feet above sea
level which makes it an ideal shelter location for residents worried about flooding. However,
it is far from the New Orleans city center. The impact from relocation causes the shape of
the graph from Figure 5.11 to shift from a unimodal to bimodal because of the additional
commute by the residents who are relocated 24 miles from New Orleans East. AA trips under
10 minutes increased while trips between 15-20 minutes decreased because of the distribution
of trips greater than or equal to 30 minutes. The end tail of the graph shows that AA make
up the biggest portion of the trips that take more than 30 minutes after relocation. Non
AA trips that are impacted by this shift make up less than 2% of the trips that are 60-90
minutes while AA 5%-20%. This shows that given a natural hazard and relocation, AA
are on average impacted greater than their non AA populations [66, 26]. These differences
in travel time may be further exacerbated by relocating further from the city to places like
Baton Rouge. The majority of people who did not return after Hurricane Katrina were those
who bore the majority of the physical, economic, and social destruction caused by the storm
[31].
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Figure 5.12: Graph of average travel time for all census tracts by race to work from trips
generated by New Orleans CTPP work trip flows and relocation to Slidell.

The second scenario is the relocation for convenience based on proximity to New Orleans
East. Downtown New Orleans is approximately 12 miles or half the distance to Slidell. Figure
5.14 depicts the average travel time for all census tracts by AA, non AA, and everyone to
work with New Orleans East residents relocated to the Superdome and Convention Center
in the Central Business District in downtown. Figure 5.14 is skewed to the left much more
than Figure 5.10 indicating that moving relocated residents to either the Superdome and
Convention Center causes an overall decrease in travel time for the entire system. This
decrease is most notable among AA as shown by the high concentration of travel times that
are 10-15 minutes. This phenomenon is the opposite of the one witnessed in Figure 5.13
when AA residents saw an increase in travel time. In this scenario, many of New Orleans’
most vulnerable population share less of the environmental burden shared by non AA and
everyone. This information may also be used to the benefit of community resilience planners
when considering shelter locations after a major disaster such as Hurricane Katrina. With
improvements to the physical infrastructure, New Orleans can shelter a considerable portion
of its population. History has shown that when residents are relocated to out of state cities
such as Houston and Atlanta, many do not ever return home.
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Figure 5.13: Graph of average travel time for all census tracts by race to work from trips gen-
erated by New Orleans CTPP work trip flows and relocation to Superdome and Convention
Center.

In 2019, McElwee published an article on implementing an agent based model (ABM) ap-
proach to study real-time analysis of city scale transportation networks in New Orleans [113].
ABM networks have become increasingly popular in the last decade. Through modeling the
system as agents, resilience planners can observe the results of dynamic changes in agent’s
preferences and choices before and after a disruptive event. With the assistance of parallel
computing, simulators can import hundreds of thousands of links and millions of agents. In
that study a static simulation was used to analyze the entire southeastern Louisiana from
Baton Rouge, LA to Gulfport, MS. There is limited scholarship on New Orleans that looks
at the impact of natural hazards on home to work trips [57, 9, 185, 159, 179]. Furthermore,
there is even less research looking into quantifying the disproportionate impact certain his-
torically underrepresented populations face when seeking shelter from a severe hurricane.
This dissertation seeks to add to the growing body of literature surrounding transportation
planning and environmental justice specifically for New Orleans residents. The methodology
presented here can be adapted across a variety of infrastructures and locations.
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5.4 Summary and Main Contributions

New Orleans, LA is a unique city facing a variety of environmental hazards given its geo-
graphical location. This city has both Spanish and French influences that have significantly
effected its geomorphology and city transportation network layout. Located near the mouth
of the Mississippi River, this parish is known for its inequities among racial groups. Hurri-
cane Katrina was a call to action for government and industry organizations the disastrous
effects of inadequate support for vulnerable populations during and after a hazardous event.
Prior to Hurricane Katrina in 2005, African Americans have long been viewed as disenfran-
chised and responsible for bearing more environmental consequences of natural hazards than
there fellow residents. For example, a resident that lives in a location 10 feet below sea
level would be expected to take the brunt of the impact of a flooding hazard as opposed
to a resident living in a different location who is 2 feet above sea level. Much scholarship
exists on examining the impact of natural hazards to communities like New Orleans. How-
ever, little research is focused on quantifying the disproportionate impact groups such as
African Americans have when facing natural hazards such as flash floods, hurricanes, and
coastal erosion. This research contributes to the understanding of how shelter locations may
negatively impact work trip flows after a significantly disruptive event.

This chapter begins with challenges residents of New Orleans face and discussing the
need for more plans like the Urban Water Plan, developed by the Greater New Orleans, Inc.
Residents must contend with levee flooding from the Mississippi River while also grappling
with coastal erosion along the Gulf of Mexico. Next, the methodology for generating work
trip flows for the 177 census tracts in New Orleans is presented. This publicly available data
set is the standard for majority of transportation simulations conducted. Work trip flows for
African Americans and Non African Americans by group and census tracts are calculated.
Once the demographic of each of the 177 census tracts is none, home to work trips can be
generated that are representative of the trip distribution of drivers and destinations. The
results indicate that African Americans work trip is on average 15% higher. This number
is not trivial considering it is conservative in that the distribution of vehicle ownership is
assumed to be equal which is not the case in the U.S. The results are further drilled down
to census tracts to place the regional impact of travel time in perspective. For 90% of
census tract locations, African Americans have higher travel time. This quantifies additional
commuting time by African Americans who are geographically concentrated in areas that
are below sea level. In the final analysis where the impact of relocating residents in a
census tract susceptible to flooding, results show that on average African Americans who
relocate to shelters inside the city aren’t disproportionately affected by an increase in travel
time, but African Americans who relocate outside the city are disproportionately affected.
From the shelter location selection perspective, a safe location has the benefits of effects felt
by the storm and sufficient infrastructure; but a convenient location is a good proximity
to home, but it often lacks the infrastructure capacity to support indefinitely. There are
several limitations with this analysis and it includes similar to the previous chapter, a lack
of accurate trip data to incorporate trips that may happen between home and work. This
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research does not take into account the additional impacts of the surrounding through traffic
from neighboring parishes. Finally, there are a variety of methods in literature that use more
complex inputs of both direct and indirect costs like poverty status, increased carbon dioxide
emission’s, etc. The main contributions of this chapter are listed below:

• The field of environmental justice [44, 33, 32, 30, 34, 31, 35] seeks to identify and mit-
igate negative environmental impacts amongst community residents. New Orleans is
well documented in terms of negative impacts of natural disasters [33, 102] on vulner-
able and specifically African American populations. This research advances the state
of knowledge by quantifying the disproportionate effect in terms of additional travel
time and advocates for community resilience planners to conduct more research on
mitigating these effects.

• Simulation results indicate the impacts from flooding are worse for New Orleans’
African Americans with more than 90% of the census tracts having longer travel times
for African Americans. In New Orleans, traffic simulations show African Americans
have 15% longer work trips than non African Americans using publicly available work
trip flows from census data.

• Optimizing shelter locations closer to downtown are shown to decrease travel time for
African American work trips. This is information is useful for resilience planners who
may be responsible for selecting relocation shelters for residents.
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Chapter 6

Conclusion and Recommended Future
Works

6.1 Summary of Main Findings

This chapter summarizes the main findings from Chapters 1-5. After the introduction in
Chapter 1, Chapter 2 is a literature review on community resilience, environmental justice,
and street network analysis. These topics are studied to define current knowledge and
substantive finds as well as situate this work’s contribution to existing knowledge. The
origin, evolution, and issues of environmental justice that have plagued New Orleans are
summarized in the literature review to set the motivation for work in Chapter 5. Multiple
open source platforms and models are used to analyze resilience metrics for communities.

Implementation of interdependent TEL and EPN in Centerville

As discussed in Chapter 3, failure of interdependent systems is a complex part of assessing
community resilience. Telecommunication remains an understudied critical infrastructure
simulated in natural hazard failure. These networks are integral for maintaning electrical
systems, internet, security networks, emergency response, and so much more. The first
telecommunication model for community resilience is presented and tested in Centerville
using Matlab. The network is represented via graph by G (V,E) and a connectivity matrix
with transmission, distribution, and LAN components where G, V, and E represent graph,
vertices, and edges respectively. The adjacency table is a 56 x 56 matrix that includes all
electrical and communication distribution and transmission nodes. Failure is calculated with
fragility components using MCS to determine probability of failure. This framework may be
used to the benefit of system owners and resilience managers. In the final analysis, 10,000
MCS runs for an EF 3 tornado are simulated in Centerville. The findings indicate community
resilience metrics such as repair time (hours) and cost (dollars) can be easily modelled by
location and infrastructure to accurately model restoration prioritization strategies.
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Varying green light ratio to understand the impact on network
evacuation due to the Paradise Camp Fire

The November 2018 Paradise Camp Fire devastated the community in only a few hours.
Despite years of preparation and practice drills, no one in Butte County was prepared for
a small fire to consume more than 30,000 residents’ homes in Paradise and Magalia. The
numerous field trips to the fire ravaged area provided the investigative team with information
crucial to identifying a series of critical decisions that resulted in 85 deaths. A mesoscopic
traffic simulation is used to understand the impact of green light ratio, background traffic,
and road closures on the day of the Camp Fire.

In Chapter 4, a sensitivity analysis was performed on a stop light at a critical intersection
along Skwyway towards Chico in the simulation of wildfire evacuation. This analysis varied
the green light ratio from [0 .25 .50, .75 1] and background traffic [.10 .20 .30 .50]. Given
the lack of transportation data for Butte County, trips are generated using CTPP data and
census tracts for a simple but representative methodology for generating background. It can
be inferred from the small (2%) increase in travel time that large increases in background
traffic (50,000 background work trips) have minimal effect to the overall network. The
removal of background traffic trips from the 36,000 trips with background traffic decreases
the arrival time by 11%. Furthermore, green light ratios less than 25% form queues along
Skyway which can create a queue to form which can substantially decrease the rate residents
evacuate. Green light ratio was shown to increase evacuation travel time longer than any
variable (green light ratio, background traffic, and road closure) .

Background traffic in evacuation studies

Incorporating background traffic is common in traffic analyses. Accounting for the additional
traffic is a good assumption given that traffic networks are not typically empty except for
a subset of travelers. In the Paradise case, adding 50% of CTPP home to work trips as
background traffic was shown to only cause an additional 10% travel time. Background
traffic can be impacted by whether they relocate to an evacuation area or they go to Chico.
Results indicate that among the three observed variables, background traffic is shown to
have the least impact on the countywide simulation. The impact of loading more vehicles
on the network is small given the size and current capacity of the network. This assumption
only holds for no-notice and short-notice mass evacuations and may not be applicable for
evacuations that are given additional notice. More studies are recommended to understand
when does background traffic significantly impact simulation results.

Evacuation scenarios with various road closures in Paradise

On the day of the Camp Fire, several roads were rendered inaccessible for long periods of the
evacuation. Road closures along Pentz, Clark, Neal and their combinations were simulated.
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Of all the variables studied in the sensitivity analysis, the biggest impact to traffic flow
are road closures which can have upwards of a 30% increase in travel time. The closure of
Clark Road caused the longest increase in travel time. Pentz has are larger storage capacity
than Clark which contributes to clearing queues faster. Given the complexity of the green
light ratio, background traffic, and road closures, a simulation is capable of more accurately
modeling these variables than hand calculations alone.

Disparities in transportation work trip flows by race

New Orleans, LA has flooded six times in the last 110 years, and climate change indicates
that the chances of a flood in the near future is likely to occur. In 2005, Hurricane Katrina
helped shed light on the inequities of access to transportation for historically underrepre-
sented populations. Evacuation planning is a complex and multilevel process that requires
stakeholders to understand the impact of its most vulnerable populations, many of whom
do not return after severe natural disasters. A semi-dynamic traffic simulation is computed
to analyze the disproportionate impact of African American residents relocated to different
shelters in southeast Louisiana.

Disparities in transportation methods are well studied in previous literature; however, no
scholarship exists at the community level focused on quantifying the impact of travel time
across races. A methodology is presented to understand the disproportionate travel time of
African Americans compared to non African Americans in New Orleans, LA. New Orleans
previous history, heterogeneity, and susceptibility to future flooding events make it an ideal
location to study the impact of travel across race. African Americans are shown on average
to have 15% travel times to work from CTPP work trip data. Unlike the previous chapter,
background traffic is remove in an effort to observe the relative impact of race on home
to work trip times in various tracts. In terms of census tracts, African Americans average
travel time was higher for 90% of the census tracts in New Orleans. The average travel time
for AA by census tract is 9.4 minutes while the average time for non AA is 8.2 minutes.
These disparities in travel times are in part due that in New Orleans AA populations live
in locations far from downtown and therefore trips for AA are expected to be on average
longer. These numbers may appear small; however, these numbers assume AA have access
to transportation at the same rate as non AA which previous literature has shown is not
the case in the United States. Disruptions may cascade in networks that are less resilient
further from downtown than as opposed to well connected streets in the city center.

Network implications of flooding neighborhoods below sea level
areas and relocating to shelters.

In the event of a natural hazard, it is expected that differences in travel time may propagate
further given that African Americans comprise majority of the neighborhoods below sea level.
In the Slidell relocation scenario, AA trips under 10 minutes increased while trips between
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15-20 minutes decreased. AA make up the biggest portion of the trips that are relocated
and take more than 30 minutes. Non AA trips that are impacted by this shift make up less
than 2% of the trips that are 60-90 minutes as opposed to AA being 5%-20%. This shows
that AA are on average impacted greater than their non AA populations. These differences
in travel time may be further exacerbated by relocating further from the city to places like
Baton Rouge. In the New Orleans shelter evacuation scenario, the decrease in travel time is
most notable among AA as shown by the high concentration of travel times that are 10-15
minutes. This phenomenon is the opposite of when AA residents relocate outside of New
Orleans.

6.2 Recommendations for Future Works

Developing resilience metrics for communities through IN-CORE

There is great benefit to adding datasets, hazards, and fragilities, to the IN-CORE platform
because this information can be accessed for free by communities who may utilize it for plan-
ning purposes. Future work includes adding the telecommunication network for Centerville
to make it available for further analysis. Implementing this analysis in IN-CORE can pro-
vide other communities like New Orleans tools to analyze how underrepresented populations
share more of the environmental burden during a natural hazard.

Overlaying fire spread and communication layers

Additionally, by overlaying fire intensity over time and the transportation network, it is
possible to create a more realistic evacuation due to closed roads for the Camp Fire scenario.
It is very difficult to exactly replicate the events of the Camp Fire, however, to scale fire
intensity maps, can give more insight into the evolution of the traffic network over time.
These fire intensity maps are capable of incorporating weather variables and fluid dynamics
to create a trajectory of fire size and speed. The CB Cities group is currently working
on community level games aimed at increasing awareness and observing communication
and decision points as residents respond to hazards in an interactive game scenario that
incorporates fire intensity. The Coupled Atmosphere-Wildland Fire Environment (CAWFE)
[105] modeling system has been used to predict the spread of the Camp Fire with accuracy
by applying fundamental fire behavior.

Further exploration of environmental injustices among
underrepresented communities.

Although AA comprises the majority of the population in New Orleans, there are other
underrepresented populations within the county. Future work should look at the long term
effect of a 100+ year storm event to these communities. Additional adverse effects worth
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exploring may include economic loss assessment or disruptions to hospitals and school ac-
cess. Hydrological simulations can be coupled with transportation simulations to provide
additional accuracy in terms of hindcasting previous disasters.
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'0.16.1'

32789550.934492193

{'circuity_avg': 1.0473497428549075,
'clean_intersection_count': 1452,
'clean_intersection_density_km': 44.282399685828054,
'edge_density_km': 21188.230341671766,
'edge_length_avg': 120.78451981919319,
'edge_length_total': 694752.5579999993,
'intersection_count': 1933,
'intersection_density_km': 58.95170701976972,
'k_avg': 5.470280551592962,
'm': 5752,
'n': 2103,
'node_density_km': 64.13628549538319,
'self_loop_proportion': 0.0008692628650904034,
'street_density_km': 11739.655134925142,
'street_length_avg': 116.2603503473273,
'street_length_total': 384938.0200000007,
'street_segments_count': 3311,
'streets_per_node_avg': 3.187351402757965,
'streets_per_node_counts': {0: 0, 1: 170, 2: 43, 3: 1130, 4: 743, 5: 17},
'streets_per_node_proportion': {0: 0.0,

1: 0.08083689966714218,
2: 0.020446980504041846,
3: 0.5373276271992392,
4: 0.35330480266286257,
5: 0.008083689966714217}}

In [1]: import matplotlib.cm as cm 
import matplotlib.colors as colors
import networkx as nx
from IPython.display import Image
from pprint import pprint

In [2]: import osmnx as ox 
ox.config(log_console=True, use_cache=True)
ox.__version__

Out[2]:

In [3]: #create a graph of New Orlean's driveable street network then plot it  
G = ox.graph_from_place('Berkeley, California, USA', network_type='drive')
fig, ax =ox.plot_graph(G, figsize=(8,8), node_size=0,edge_color='#FFFFFF',edge_linewidth=0.5)

In [4]: #project graph then calculate area using convex hull ﴾square meters﴿ 
G_proj = ox.project_graph(G)
nodes_proj = ox.graph_to_gdfs(G_proj, edges=False)
graph_area_m =nodes_proj.unary_union.convex_hull.area
graph_area_m

Out[4]:

In [5]: #calculate and print basic stats 
stats = ox.basic_stats(G_proj,area=graph_area_m, clean_intersects=True, circuity_dist='euclidean')
pprint(stats)

Loading [MathJax]/jax/output/CommonHTML/fonts/TeX/fontdata.js
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avg_neighbor_degree
avg_neighbor_degree_avg
avg_weighted_neighbor_degree
avg_weighted_neighbor_degree_avg
betweenness_centrality
betweenness_centrality_avg
center
closeness_centrality
closeness_centrality_avg
clustering_coefficient
clustering_coefficient_avg
clustering_coefficient_weighted
clustering_coefficient_weighted_avg
degree_centrality
degree_centrality_avg
diameter
eccentricity
pagerank
pagerank_max
pagerank_max_node
pagerank_min
pagerank_min_node
periphery
radius

4605.911999999999

/opt/anaconda3/envs/traffic/lib/python3.7/sitepackages/osmnx/footprints.py:44: UserWarning: The `footprints
` module has been deprecated and will be removed in a future release. Instead, use the `geometries` module's
`geometries_from_point` function, passing `tags={'building':True}`.
warnings.warn(msg)

In [6]: # calculate and print extednded network stats 
more_stats = ox.extended_stats(G, ecc=True, bc=True, cc=True)
for key in sorted(more_stats.keys()):

print(key)

In [7]: #save the network model to a shapefile 
ox.save_graph_shapefile(G)

In [8]: #calculate node closeness centrality of the line graph 
edge_centrality = nx.closeness_centrality(nx.line_graph(G))

In [9]: # make a list of graph edge centrality values 
ev = [edge_centrality[edge + (0,)] for edge in G.edges()]

# create a color scale converted to list of colors for graph edges 
norm = colors.Normalize(vmin=min(ev)*0.8, vmax=max(ev))
cmap = cm.ScalarMappable(norm=norm, cmap=cm.inferno)
ec = [cmap.to_rgba(cl) for cl in ev]

# color the edges in the original graph by closeness centrality in line graph 
fig, ax = ox.plot_graph(G, bgcolor='black', node_size=0,figsize=(8,8),

edge_color=ec, edge_linewidth=.5, edge_alpha=1)

In [10]: # find the network nodes nearest to two points 
orig_node = ox.get_nearest_node(G, (37.8661529, 122.2465302))
dest_node = ox.get_nearest_node(G, (37.8603065, 122.2964328))

In [11]: # calculate the shortest path between these nodes then plot it 
route = nx.shortest_path(G, orig_node, dest_node, weight='length', method='dijkstra')
fig, ax = ox.plot_graph_route(G, route, node_size=0)

In [12]: # what is the network distance of this route? 
net_dist = nx.shortest_path_length(G, orig_node, dest_node, weight='length', method='dijkstra')
net_dist

Out[12]:

In [13]: # download and visualize the building footprints around origin nodes 
point = (37.8643425, 122.2791241) #origin node coordinates
dist = 812 #meters
gdf = ox.footprints_from_point(point=point, dist=750)
gdf_proj = ox.project_gdf(gdf)
bbox_proj = ox.utils_geo.bbox_from_point(point=point, dist=750, project_utm=True)
fig, ax = ox.plot_footprints(gdf_proj, bbox=bbox_proj, bgcolor='#333333', color='w', figsize=(8,8))

Loading [MathJax]/jax/output/CommonHTML/fonts/TeX/fontdata.js
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avg_neighbor_degree
avg_neighbor_degree_avg
avg_weighted_neighbor_degree
avg_weighted_neighbor_degree_avg
betweenness_centrality
betweenness_centrality_avg
center
closeness_centrality
closeness_centrality_avg
clustering_coefficient
clustering_coefficient_avg
clustering_coefficient_weighted
clustering_coefficient_weighted_avg
degree_centrality
degree_centrality_avg
diameter
eccentricity
pagerank
pagerank_max
pagerank_max_node
pagerank_min
pagerank_min_node
periphery
radius

4605.911999999999

/opt/anaconda3/envs/traffic/lib/python3.7/sitepackages/osmnx/footprints.py:44: UserWarning: The `footprints
` module has been deprecated and will be removed in a future release. Instead, use the `geometries` module's
`geometries_from_point` function, passing `tags={'building':True}`.
warnings.warn(msg)

In [6]: # calculate and print extednded network stats 
more_stats = ox.extended_stats(G, ecc=True, bc=True, cc=True)
for key in sorted(more_stats.keys()):

print(key)

In [7]: #save the network model to a shapefile 
ox.save_graph_shapefile(G)

In [8]: #calculate node closeness centrality of the line graph 
edge_centrality = nx.closeness_centrality(nx.line_graph(G))

In [9]: # make a list of graph edge centrality values 
ev = [edge_centrality[edge + (0,)] for edge in G.edges()]

# create a color scale converted to list of colors for graph edges 
norm = colors.Normalize(vmin=min(ev)*0.8, vmax=max(ev))
cmap = cm.ScalarMappable(norm=norm, cmap=cm.inferno)
ec = [cmap.to_rgba(cl) for cl in ev]

# color the edges in the original graph by closeness centrality in line graph 
fig, ax = ox.plot_graph(G, bgcolor='black', node_size=0,figsize=(8,8),

edge_color=ec, edge_linewidth=.5, edge_alpha=1)

In [10]: # find the network nodes nearest to two points 
orig_node = ox.get_nearest_node(G, (37.8661529, 122.2465302))
dest_node = ox.get_nearest_node(G, (37.8603065, 122.2964328))

In [11]: # calculate the shortest path between these nodes then plot it 
route = nx.shortest_path(G, orig_node, dest_node, weight='length', method='dijkstra')
fig, ax = ox.plot_graph_route(G, route, node_size=0)

In [12]: # what is the network distance of this route? 
net_dist = nx.shortest_path_length(G, orig_node, dest_node, weight='length', method='dijkstra')
net_dist

Out[12]:

In [13]: # download and visualize the building footprints around origin nodes 
point = (37.8643425, 122.2791241) #origin node coordinates
dist = 812 #meters
gdf = ox.footprints_from_point(point=point, dist=750)
gdf_proj = ox.project_gdf(gdf)
bbox_proj = ox.utils_geo.bbox_from_point(point=point, dist=750, project_utm=True)
fig, ax = ox.plot_footprints(gdf_proj, bbox=bbox_proj, bgcolor='#333333', color='w', figsize=(8,8))
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Table B.1: Centerville node pagerank

Node PageRank

8 0.0560
27 0.0503
16 0.0495
5 0.0446
19 0.0442
7 0.0417
31 0.0365
26 0.0359
2 0.0356
23 0.0349
30 0.0344
10 0.0343
13 0.0343
29 0.0336
20 0.0332
3 0.0332
22 0.0320
4 0.0314
9 0.0311
12 0.0311
15 0.0306
32 0.0202
25 0.0199
1 0.0198
24 0.0195
11 0.0192
14 0.0192
28 0.0189
21 0.0188
17 0.0187
18 0.0187
6 0.0173

Table B.2: Centerville node centrality

Node Centrality

8 0.1290
5 0.0968
7 0.0968
16 0.0968
19 0.0968
27 0.0968
2 0.0645
3 0.0645
4 0.0645
9 0.0645
10 0.0645
12 0.0645
13 0.0645
15 0.0645
20 0.0645
22 0.0645
23 0.0645
26 0.0645
29 0.0645
30 0.0645
31 0.0645
1 0.0323
6 0.0323
11 0.0323
14 0.0323
17 0.0323
18 0.0323
21 0.0323
24 0.0323
25 0.0323
28 0.0323
32 0.0323
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'0.16.1'

                    y          x       osmid highway  ref  \ 
115537227   29.937067 90.050450   115537227     NaN  NaN    
115552890   29.972222 90.125782   115552890     NaN  NaN    
115872985   30.021198 90.103827   115872985     NaN  NaN    
115873002   30.020774 90.101342   115873002     NaN  NaN    
115873004   30.020694 90.100474   115873004     NaN  NaN    
...               ...        ...         ...     ...  ...    
7927204994  29.901314 89.998646  7927204994     NaN  NaN    
7927204995  29.901362 90.000303  7927204995     NaN  NaN    
7927204996  29.901498 89.996976  7927204996     NaN  NaN    
7927204997  29.901192 89.996800  7927204997     NaN  NaN    
7933309027  29.981887 89.954019  7933309027     NaN  NaN    
 
                              geometry   
115537227   POINT (90.05045 29.93707)   
115552890   POINT (90.12578 29.97222)   
115872985   POINT (90.10383 30.02120)   
115873002   POINT (90.10134 30.02077)   
115873004   POINT (90.10047 30.02069)   
...                                ...   
7927204994  POINT (89.99865 29.90131)   
7927204995  POINT (90.00030 29.90136)   
7927204996  POINT (89.99698 29.90150)   
7927204997  POINT (89.99680 29.90119)   
7933309027  POINT (89.95402 29.98189)   
 
[15241 rows x 6 columns] 

           osmid              name      highway  oneway   length  \ 
0       12698824   Magellan Street  residential   False   20.218    
1       12705003      Cecil Street  residential   False  113.640    
2       12702399        Gem Street  residential   False   85.602    
3       12686484  Turquoise Street  residential   False  249.764    
4       12702809      Amber Street  residential   False  187.165    
...          ...               ...          ...     ...      ...    
40075   12694870               NaN  residential   False   53.867    
40076   12694870               NaN  residential   False  131.520    
40077  849673699               NaN  residential   False   38.045    
40078   12703702      Tullis Drive     tertiary    True   55.409    
40079   12688211               NaN  residential   False  212.267    
 
                                                geometry lanes maxspeed  ref  \ 
0      LINESTRING (90.05045 29.93707, 90.05024 29.9...   NaN      NaN  NaN    
1      LINESTRING (90.12578 29.97222, 90.12528 29.9...   NaN      NaN  NaN    
2      LINESTRING (90.10383 30.02120, 90.10451 30.0...   NaN      NaN  NaN    
3      LINESTRING (90.10383 30.02120, 90.10371 30.0...   NaN      NaN  NaN    
4      LINESTRING (90.10383 30.02120, 90.10392 30.0...   NaN      NaN  NaN    
...                                                  ...   ...      ...  ...    
40075  LINESTRING (89.99698 29.90150, 89.99691 29.9...   NaN      NaN  NaN    
40076  LINESTRING (89.99698 29.90150, 89.99712 29.9...   NaN      NaN  NaN    
40077  LINESTRING (89.99680 29.90119, 89.99698 29.9...   NaN      NaN  NaN    
40078  LINESTRING (89.99680 29.90119, 89.99696 29.9...   NaN      NaN  NaN    
40079  LINESTRING (89.95402 29.98189, 89.95347 29.9...   NaN      NaN  NaN    
 
      bridge access junction           u           v  key   
0        NaN    NaN      NaN   115537227   115994830    0   
1        NaN    NaN      NaN   115552890  3329086657    0   
2        NaN    NaN      NaN   115872985   115993107    0   
3        NaN    NaN      NaN   115872985   115873002    0   
4        NaN    NaN      NaN   115872985   116041633    0   
...      ...    ...      ...         ...         ...  ...   
40075    NaN    NaN      NaN  7927204996   115968910    0   
40076    NaN    NaN      NaN  7927204996   115968881    0   
40077    NaN    NaN      NaN  7927204997  7927204996    0   
40078    NaN    NaN      NaN  7927204997   116014447    0   
40079    NaN    NaN      NaN  7933309027   115894968    0   
 
[40080 rows x 15 columns] 

In [1]: import matplotlib.cm as cm  
import matplotlib.colors as colors 
import networkx as nx  
from IPython.display import Image  
from pprint import pprint 

In [2]: import osmnx as ox  
ox.config(log_console=True, use_cache=True) 
ox.__version__ 

Out[2]:

In [3]: #create a graph of New Orlean's driveable street network then plot it  
G = ox.graph_from_place('Orleans, Louisiana, USA', network_type='drive') 
fig, ax =ox.plot_graph(G, figsize=(8,8), node_size=0,edge_color='#FFFFFF', edge_linewi

In [4]: import numpy as np 
import pandas as pd 
import geopandas as gpd 
import osmnx as ox 
 
G2 = ox.utils_graph.get_largest_component(G, strongly=True) 
orleans_nodes, orleans_edges = ox.graph_to_gdfs(G2) 
orleans_nodes.to_csv('orleans_nodes.csv') 
orleans_edges.to_csv('orleans_edges.csv') 

In [5]: print(orleans_nodes) 

In [6]: print(orleans_edges) 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'0.16.1'

                    y          x       osmid highway  ref  \ 
115537227   29.937067 90.050450   115537227     NaN  NaN    
115552890   29.972222 90.125782   115552890     NaN  NaN    
115872985   30.021198 90.103827   115872985     NaN  NaN    
115873002   30.020774 90.101342   115873002     NaN  NaN    
115873004   30.020694 90.100474   115873004     NaN  NaN    
...               ...        ...         ...     ...  ...    
7927204994  29.901314 89.998646  7927204994     NaN  NaN    
7927204995  29.901362 90.000303  7927204995     NaN  NaN    
7927204996  29.901498 89.996976  7927204996     NaN  NaN    
7927204997  29.901192 89.996800  7927204997     NaN  NaN    
7933309027  29.981887 89.954019  7933309027     NaN  NaN    
 
                              geometry   
115537227   POINT (90.05045 29.93707)   
115552890   POINT (90.12578 29.97222)   
115872985   POINT (90.10383 30.02120)   
115873002   POINT (90.10134 30.02077)   
115873004   POINT (90.10047 30.02069)   
...                                ...   
7927204994  POINT (89.99865 29.90131)   
7927204995  POINT (90.00030 29.90136)   
7927204996  POINT (89.99698 29.90150)   
7927204997  POINT (89.99680 29.90119)   
7933309027  POINT (89.95402 29.98189)   
 
[15241 rows x 6 columns] 

           osmid              name      highway  oneway   length  \ 
0       12698824   Magellan Street  residential   False   20.218    
1       12705003      Cecil Street  residential   False  113.640    
2       12702399        Gem Street  residential   False   85.602    
3       12686484  Turquoise Street  residential   False  249.764    
4       12702809      Amber Street  residential   False  187.165    
...          ...               ...          ...     ...      ...    
40075   12694870               NaN  residential   False   53.867    
40076   12694870               NaN  residential   False  131.520    
40077  849673699               NaN  residential   False   38.045    
40078   12703702      Tullis Drive     tertiary    True   55.409    
40079   12688211               NaN  residential   False  212.267    
 
                                                geometry lanes maxspeed  ref  \ 
0      LINESTRING (90.05045 29.93707, 90.05024 29.9...   NaN      NaN  NaN    
1      LINESTRING (90.12578 29.97222, 90.12528 29.9...   NaN      NaN  NaN    
2      LINESTRING (90.10383 30.02120, 90.10451 30.0...   NaN      NaN  NaN    
3      LINESTRING (90.10383 30.02120, 90.10371 30.0...   NaN      NaN  NaN    
4      LINESTRING (90.10383 30.02120, 90.10392 30.0...   NaN      NaN  NaN    
...                                                  ...   ...      ...  ...    
40075  LINESTRING (89.99698 29.90150, 89.99691 29.9...   NaN      NaN  NaN    
40076  LINESTRING (89.99698 29.90150, 89.99712 29.9...   NaN      NaN  NaN    
40077  LINESTRING (89.99680 29.90119, 89.99698 29.9...   NaN      NaN  NaN    
40078  LINESTRING (89.99680 29.90119, 89.99696 29.9...   NaN      NaN  NaN    
40079  LINESTRING (89.95402 29.98189, 89.95347 29.9...   NaN      NaN  NaN    
 
      bridge access junction           u           v  key   
0        NaN    NaN      NaN   115537227   115994830    0   
1        NaN    NaN      NaN   115552890  3329086657    0   
2        NaN    NaN      NaN   115872985   115993107    0   
3        NaN    NaN      NaN   115872985   115873002    0   
4        NaN    NaN      NaN   115872985   116041633    0   
...      ...    ...      ...         ...         ...  ...   
40075    NaN    NaN      NaN  7927204996   115968910    0   
40076    NaN    NaN      NaN  7927204996   115968881    0   
40077    NaN    NaN      NaN  7927204997  7927204996    0   
40078    NaN    NaN      NaN  7927204997   116014447    0   
40079    NaN    NaN      NaN  7933309027   115894968    0   
 
[40080 rows x 15 columns] 

In [1]: import matplotlib.cm as cm  
import matplotlib.colors as colors 
import networkx as nx  
from IPython.display import Image  
from pprint import pprint 

In [2]: import osmnx as ox  
ox.config(log_console=True, use_cache=True) 
ox.__version__ 

Out[2]:

In [3]: #create a graph of New Orlean's driveable street network then plot it  
G = ox.graph_from_place('Orleans, Louisiana, USA', network_type='drive') 
fig, ax =ox.plot_graph(G, figsize=(8,8), node_size=0,edge_color='#FFFFFF', edge_linewi

In [4]: import numpy as np 
import pandas as pd 
import geopandas as gpd 
import osmnx as ox 
 
G2 = ox.utils_graph.get_largest_component(G, strongly=True) 
orleans_nodes, orleans_edges = ox.graph_to_gdfs(G2) 
orleans_nodes.to_csv('orleans_nodes.csv') 
orleans_edges.to_csv('orleans_edges.csv') 

In [5]: print(orleans_nodes) 

In [6]: print(orleans_edges) 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'0.16.1'

                    y          x       osmid highway  ref  \ 
115537227   29.937067 90.050450   115537227     NaN  NaN    
115552890   29.972222 90.125782   115552890     NaN  NaN    
115872985   30.021198 90.103827   115872985     NaN  NaN    
115873002   30.020774 90.101342   115873002     NaN  NaN    
115873004   30.020694 90.100474   115873004     NaN  NaN    
...               ...        ...         ...     ...  ...    
7927204994  29.901314 89.998646  7927204994     NaN  NaN    
7927204995  29.901362 90.000303  7927204995     NaN  NaN    
7927204996  29.901498 89.996976  7927204996     NaN  NaN    
7927204997  29.901192 89.996800  7927204997     NaN  NaN    
7933309027  29.981887 89.954019  7933309027     NaN  NaN    
 
                              geometry   
115537227   POINT (90.05045 29.93707)   
115552890   POINT (90.12578 29.97222)   
115872985   POINT (90.10383 30.02120)   
115873002   POINT (90.10134 30.02077)   
115873004   POINT (90.10047 30.02069)   
...                                ...   
7927204994  POINT (89.99865 29.90131)   
7927204995  POINT (90.00030 29.90136)   
7927204996  POINT (89.99698 29.90150)   
7927204997  POINT (89.99680 29.90119)   
7933309027  POINT (89.95402 29.98189)   
 
[15241 rows x 6 columns] 

           osmid              name      highway  oneway   length  \ 
0       12698824   Magellan Street  residential   False   20.218    
1       12705003      Cecil Street  residential   False  113.640    
2       12702399        Gem Street  residential   False   85.602    
3       12686484  Turquoise Street  residential   False  249.764    
4       12702809      Amber Street  residential   False  187.165    
...          ...               ...          ...     ...      ...    
40075   12694870               NaN  residential   False   53.867    
40076   12694870               NaN  residential   False  131.520    
40077  849673699               NaN  residential   False   38.045    
40078   12703702      Tullis Drive     tertiary    True   55.409    
40079   12688211               NaN  residential   False  212.267    
 
                                                geometry lanes maxspeed  ref  \ 
0      LINESTRING (90.05045 29.93707, 90.05024 29.9...   NaN      NaN  NaN    
1      LINESTRING (90.12578 29.97222, 90.12528 29.9...   NaN      NaN  NaN    
2      LINESTRING (90.10383 30.02120, 90.10451 30.0...   NaN      NaN  NaN    
3      LINESTRING (90.10383 30.02120, 90.10371 30.0...   NaN      NaN  NaN    
4      LINESTRING (90.10383 30.02120, 90.10392 30.0...   NaN      NaN  NaN    
...                                                  ...   ...      ...  ...    
40075  LINESTRING (89.99698 29.90150, 89.99691 29.9...   NaN      NaN  NaN    
40076  LINESTRING (89.99698 29.90150, 89.99712 29.9...   NaN      NaN  NaN    
40077  LINESTRING (89.99680 29.90119, 89.99698 29.9...   NaN      NaN  NaN    
40078  LINESTRING (89.99680 29.90119, 89.99696 29.9...   NaN      NaN  NaN    
40079  LINESTRING (89.95402 29.98189, 89.95347 29.9...   NaN      NaN  NaN    
 
      bridge access junction           u           v  key   
0        NaN    NaN      NaN   115537227   115994830    0   
1        NaN    NaN      NaN   115552890  3329086657    0   
2        NaN    NaN      NaN   115872985   115993107    0   
3        NaN    NaN      NaN   115872985   115873002    0   
4        NaN    NaN      NaN   115872985   116041633    0   
...      ...    ...      ...         ...         ...  ...   
40075    NaN    NaN      NaN  7927204996   115968910    0   
40076    NaN    NaN      NaN  7927204996   115968881    0   
40077    NaN    NaN      NaN  7927204997  7927204996    0   
40078    NaN    NaN      NaN  7927204997   116014447    0   
40079    NaN    NaN      NaN  7933309027   115894968    0   
 
[40080 rows x 15 columns] 

In [1]: import matplotlib.cm as cm  
import matplotlib.colors as colors 
import networkx as nx  
from IPython.display import Image  
from pprint import pprint 

In [2]: import osmnx as ox  
ox.config(log_console=True, use_cache=True) 
ox.__version__ 

Out[2]:

In [3]: #create a graph of New Orlean's driveable street network then plot it  
G = ox.graph_from_place('Orleans, Louisiana, USA', network_type='drive') 
fig, ax =ox.plot_graph(G, figsize=(8,8), node_size=0,edge_color='#FFFFFF', edge_linewi

In [4]: import numpy as np 
import pandas as pd 
import geopandas as gpd 
import osmnx as ox 
 
G2 = ox.utils_graph.get_largest_component(G, strongly=True) 
orleans_nodes, orleans_edges = ox.graph_to_gdfs(G2) 
orleans_nodes.to_csv('orleans_nodes.csv') 
orleans_edges.to_csv('orleans_edges.csv') 

In [5]: print(orleans_nodes) 

In [6]: print(orleans_edges) 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Table D.1: Average travel time of census tracts 1 - 33.03 based on simulation results.

Tract AA (min) Non AA (min) Tract AA (min) Non AA (min)
22071000100 20.6 18.6 22071001725 25.9 25.2
22071000200 20.0 17.8 22071001730 29.2 26.7
22071000300 20.2 18.9 22071001735 23.7 53.2
22071000400 19.9 16.7 22071001736 24.6 24.3
22071000601 18.6 22071001737 28.1 23.0
22071000602 19.2 16.6 22071001739 26.5 25.5
22071000603 19.8 18.9 22071001740 29.5 24.6
22071000604 21.4 19.9 22071001741 33.6 33.6
22071000605 19.3 17.2 22071001743 24.8 27.1
22071000606 21.7 20.1 22071001744 24.5 23.1
22071000607 22.2 20.8 22071001745 28.7 27.4
22071000611 23.6 22.7 22071001746 33.5 34.6
22071000612 28.5 27.9 22071001747 26.8 25.4
22071000613 19.9 18.0 22071001748 27.0 25.5
22071000615 21.7 20.0 22071001749 32.5 28.2
22071000616 24.6 23.1 22071001750 29.9 28.2
22071000617 22.9 22.9 22071001751 19.7 19.3
22071000618 23.1 21.6 22071001800 15.1 14.1
22071000701 21.4 19.8 22071001900 16.6 15.1
22071000702 21.8 18.6 22071002000 18.1 17.4
22071000800 21.9 19.7 22071002100 17.7 15.5
22071000901 21.6 17.4 22071002200 17.3 15.4
22071000902 21.9 22071002300 19.4 17.7
22071000903 21.1 21.6 22071002401 18.8 17.4
22071000904 21.9 18.4 22071002402 19.7 17.6
22071001100 18.4 17.2 22071002501 21.3 20.8
22071001200 17.3 16.4 22071002502 21.6 20.4
22071001301 19.3 18.1 22071002503 19.8 19.1
22071001302 19.3 19.3 22071002504 20.6 19.2
22071001401 20.7 20.9 22071002600 16.5 14.4
22071001402 19.8 18.8 22071002700 15.6 13.9
22071001500 17.8 15.8 22071002800 16.6 15.8
22071001701 21.7 22.7 22071002900 17.0 16.4
22071001702 20.1 17.8 22071003000 17.9 16.9
22071001720 22.0 22.6 22071003100 18.2 17.0
22071001722 23.3 22.5 22071003301 21.1 19.9
22071001723 26.5 24.2 22071003302 19.4 18.4
22071001724 24.5 22.5 22071003303 21.7 18.7
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Table D.2: Average travel time of census tracts 33.03 - 127 based on simulation results.

Tract AA (min) Non AA (min) Tract AA (min) Non AA (min)
22071003304 21.0 20.7 22071007800 15.2 14.1
22071003307 18.1 18.5 22071008200 16.2 14.7
22071003308 19.3 18.8 22071008300 16.1 15.3
22071003400 15.4 14.8 22071008400 16.4 15.2
22071003500 16.0 15.1 22071008500 15.3 14.4
22071003600 16.5 15.7 22071008600 16.5 14.7
22071003701 18.4 17.0 22071008800 17.4 16.7
22071003702 17.7 17.1 22071009000 15.4 14.6
22071003800 14.8 13.7 22071009100 15.6 14.7
22071003900 15.1 14.0 22071009200 15.4 14.8
22071004000 16.3 15.3 22071009400 15.7 16.1
22071004100 16.2 15.0 22071009600 17.1 15.6
22071004401 16.3 14.8 22071009700 17.5 15.9
22071004402 14.5 22071009900 16.5 14.5
22071004500 16.9 16.1 22071010000 16.0 15.2
22071004600 18.8 16.8 22071010100 16.9 15.2
22071004800 15.1 22071010200 16.1 15.2
22071004900 16.4 13.8 22071010300 16.6 15.2
22071005000 16.6 15.8 22071010600 19.3 17.2
22071005400 17.4 16.1 22071010700 18.1 15.6
22071005500 18.2 18.5 22071010800 17.1 15.1
22071005602 24.4 18.6 22071010900 17.0 15.6
22071005603 18.4 19.1 22071011100 16.4 15.5
22071005604 20.8 18.1 22071011200 16.2 15.2
22071006000 14.9 18.2 22071011400 19.3 16.5
22071006300 15.1 13.7 22071011500 17.7 16.2
22071006400 16.4 14.8 22071011600 17.8 16.0
22071006500 17.3 15.4 22071011700 17.7 16.4
22071006900 16.1 16.1 22071011900 16.3 14.7
22071007000 15.9 13.4 22071012000 17.8 17.3
22071007101 16.4 15.2 22071012101 17.4 15.2
22071007200 16.7 16.2 22071012102 17.7 13.0
22071007501 17.1 15.6 22071012200 17.2 16.4
22071007502 17.8 17.6 22071012300 16.3 15.6
22071007604 19.0 17.4 22071012400 18.4 16.8
22071007605 20.7 18.6 22071012500 19.1 17.3
22071007606 21.1 19.5 22071012600 19.1 16.2
22071007700 15.3 14.2 22071012700 19.4 16.6
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Table D.3: Average travel time of census tracts 128 - 9800 based on simulation results.

Tract AA (min) Non AA (min)
22071012800 17.5 16.1
22071012900 19.7 16.7
22071013000 18.0 15.7
22071013100 19.6 18.1
22071013200 17.7 17.4
22071013301 21.3 20.3
22071013302 21.4 20.0
22071013400 16.3 13.0
22071013500 16.0 13.1
22071013600 19.0 18.3
22071013700 19.5 14.8
22071013800 19.9 19.2
22071013900 16.2 13.8
22071014000 16.4 15.0
22071014100 16.1 14.8
22071014200 17.8 15.6
22071014300 15.5 13.7
22071014400 18.0 16.6
22071980000 14.6
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