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Abstract
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Chair of the Supervisory Committee:
Youngjun Choe

Disaster events are becoming an increasingly common part of life for people across the

world. Climate and weather-based disasters are on the rise, in addition to higher probabilities

of future disease emergence. One of the main ways we understand past and current events

and work to mitigate the effects of future events is through the use of data. Data, when

used appropriately, can help us understand the possible impact of disaster events and our

mitigation efforts. Data’s impact is maximized when data sets and methods are shared.

Unfortunately, there is a dearth of understanding of what data are available in the disaster

research field, leading to slow progress in community resilience efforts.

This dissertation provides a greater understanding of the data being used in the disaster

recovery space, and generates a new data set on community recovery from COVID-19 using

a novel method. First, we conduct a review of data use in lifeline infrastructure restoration

modeling. The review covers publications from the 1980s to 2019. It describes both the

types of data used and their features, in addition to breakdowns of how different modeling

approaches obtained and utilized data differently. The review concludes with some discussion

of future research directions for the field and data management best practices, most notably

data publication and documentation for fully reproducible methods.

Next we create methods for utilizing street-view images to study community mobility

during disaster events. The framework is an open-source data pipeline for street-view images.



It demonstrates the data management best practices from the review while showing it is

possible to gather insights into the effects of community events and public policy on foot

traffic using the street-view images. The framework is usable to detect any type of object

where an appropriate computer vision algorithm is readily available, and has applications in

disaster recovery, urban planning, and even demographics estimation. Our implementation

uses the images to count pedestrians and uses the count as a metric for community mobility.

Additionally, the entire data set and a sample code base are available for reproducibility, or

use in other research efforts.

The final chapter of this dissertation implements a distance estimation algorithm on the

street-view image data set to understand how outdoor social distancing practices changed

over the course of the pandemic. The analysis includes vaccine availability, weather, and

time of the week as predictors in addition to socioeconomic factors at the census tract level.

In addition to looking at the city of Seattle as a whole, this analysis also subsets the data into

various places of interest such as schools or hospitals to understand the distancing trends at

these locations.
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Chapter 1

INTRODUCTION

1.1 Motivation

Cities face significant risks from disaster events, including extreme weather events, heat

waves, and transmissible disease. Examples from recent years in the U.S. include natural

disaster such as the 2017 Hurricane Harvey, as well as the COVID-19 public health disas-

ter. The risk of disaster events occurring is only increasing, with climate change being a

key driver of both weather-based disasters [102] and vector-borne disease [121]. As can be

seen in Figure 1.1, the number of CPI-adjusted billion dollar disaster events in the US has

increased drastically over time. In order to better prepare for disaster events, it is necessary

to understand what factors make communities more successful in disaster mitigation at all

stages, including preparedness, response, and recovery.

In particular, recovery from disasters is considered one of the less-understood phases of

the disaster cycle [132, 200]. Disaster recovery is a broad term that encompasses social,

economic, built and natural environments, and it is largely accepted that recovery implies

bringing each of these facets to predisaster levels or better [101,113]. In addition to national

efforts, in recent years, several state governments in the US created initiatives to better plan

for disaster events [160, 221]. These initiatives in turn inspired the creation of the National

Institute of Standards and Technology (NIST) Community Resilience Planning Guide [150]

as a model for other areas of the US.

While there were many strides made in the last decade for disaster recovery efforts in the

U.S., one challenge that has continually impeded progress is the lack of, or perceived lack of,

data related to disaster events and recovery from those events [33,133]. Particularly at higher

level of spatial or temporal resolution, emergency management organizations are lacking in
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Figure 1.1: Billion Dollar Disaster Events Over Time in the U.S. Data source: [197].

data and tools to understand recovery patterns [91,108,142]. Data can be difficult to access

due to reasons such as security, liability, competition laws, confidentiality and privacy [163].

In addition, the volume of data required to model some aspects of disaster recovery is a

major barrier to research [178].

In spite of these challenges, disaster recovery research continues to move forward, and

there are more and more potential data sources available every year as the amount of infor-

mation on the web continues to increase [43]. The challenge remains, however, to identify the

best possible data sources, and utilize them for disaster recovery research. This dissertation

aims to help answer these questions by understanding what data sources have been used
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historically through a literature review of data use in lifeline infrastructure restoration mod-

eling. Additionally, we identify a promising data source with untapped potential in street

view imagery, and develop a data pipeline for collecting and processing this data. Lastly, we

use this data pipeline to help understand one facet of recovery from the COVID-19 pandemic,

social distancing behaviors.

1.2 Research Objectives

The main research objective of this dissertation is to advance a holistic understanding of

data usage in disaster recovery research. Specifically, this is accomplished by the following:

1. Review empirical quantitative data usage in lifeline restoration modeling to understand

the history of data usage in this sub-field of disaster recovery research, and provide

future thematic and methodological directions for research.

2. Develop and implement methods for collecting longitudinal street view image data for

disaster recovery research, including a data pipeline for extracting pedestrian count

data from the images.

3. Implement a distance estimation algorithm on a large scale street view image data

set to conduct a case study on longitudinal social distancing behaviors during the

COVID-19 pandemic.

1.2.1 Review of empirical quantitative data use in lifeline restoration modeling

Lifeline infrastructure restoration modeling is a data-intensive process, frequently requiring

system topologies, component geographical locations, and emergency procedural knowledge

for the lifeline in question. Here, lifelines are defined as a subset of critical infrastructures

vital for communities to function, including systems such as electricity and natural gas

[210]. Given the data-intensive nature of the field, experts have called for uniform data

collection methods [163], and a community of practice around the broader field of disaster
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recovery, including shared data sets [132]. Knowledge about available data, where it was

collected from, and how it was used to model lifeline restoration will allow the field to

advance forward in its data practices, creating higher quality models in a shorter period of

time. This review summarizes the history of empirical data use in this field, and highlights

common relationships between modeling approaches, hazard type, lifeline system, and data

set features.

In order to limit the scope of the review, only publications that contain a quantita-

tive restoration model of a lifeline system, based on empirical data, are included. With

these restrictions, we identified 54 publications that utilized a broad variety of methods and

data sources. This review demonstrates promising future thematic directions include mod-

eling interdependent systems, something currently done by only 13 of the reviewed studies,

and engagement through benchmarking testbeds, virtual communities that support emer-

gency management research without compromising potentially sensitive information. Future

methodological directions included making improvements in model validation and data man-

agement practices, as well as utilizing untapped data sources in the lifeline infrastructure

restoration modeling space.

1.2.2 Open-source data pipeline for street-view images: a case study on community mobility

during COVID-19 pandemic

One data source with some history in disaster recovery modeling is repeat photography [27].

Image data is considered valuable in a variety of research domains because it allows for a

comprehensive audit of a scene [111]. In particular, Street View Images (SVI) are increasingly

being used for research purposes, as they are frequently free to access and can be used to

answer questions in a host of research domains [41]. Challenges with SVI data include its

spotty availability in some parts of the world, such as Africa, and more importantly, its

temporal instability. As most SVI data is either crowdsourced, as in the case of Mapillary

[124] or collected by a corporate entity, such as Google Street View, researchers historically

have not had influence on when, where, or how often this data is collected. This limits
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the applications of SVI data, particularly in disaster recovery research, where both image

location and capture time are vital to their usefulness.

Repeat photography was used in the disaster recovery domain to measure recovery by

capturing images at predetermined locations over a set time interval [27]. This allowed re-

covery to be tracked at those specific locations, and then estimated by interpolating between

the points of interest. While extremely valuable, this method is time-consuming in terms of

both data collection and manual processing of images. It is reasonable to hypothesize that

we could glean similar insights from repeat SVI data collection. With modern advances in

computer vision, it would also be possible to save substantial time on data processing, de-

spite capturing several orders of magnitude more in image data when compared with repeat

photography.

In this chapter, we develop an open-source data pipeline for street view imagery and

demonstrate its potential value for disaster research. We begin with over 4 million 360◦

images captured around the city of Seattle along a predefined survey route over a period

of 3 years during the height of the COVID-19 pandemic. We then orthorectify the images,

and apply a pre-trained pedestrian detection algorithm, yielding a spatio-temporal dataset

of pedestrian traffic. As a proof of concept, we analyze the pedestrian traffic data to gain

insights into potential drivers of behavior, including vaccine availability, seasonal trends,

and socioeconomic traits of different parts of the city. Lastly, we validate the model outputs

against known results in the literature using mobile phone and survey data. Future work

includes further analysis of the SVI data in a variety of fields, including disaster recovery

modeling.

1.2.3 Outdoor Social Distancing Behaviors Changed During a Pandemic

One of the key non-pharmaceutical interventions against the COVID-19 pandemic was social

distancing. Early in the pandemic, the United States government recommended avoiding

gatherings of more than 10 people, and to work from home if possible. One important element

of social distancing is maintaining a larger distance than normal between yourself and others.
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The United States Center for Disease Control and Prevention recommended maintaining a

physical distance of at least six feet between people, both indoors and outdoors. As time

has gone on, the emphasis on these government restrictions has lessened, or the restrictions

have been lifted. Similarly, people were less likely to follow these recommendations as time

went on, particularly after becoming vaccinated [93,194].

These behaviors, tied directly to the concept of mobility, can serve as a metric for mea-

suring community recovery from disaster events [91]. Mobility and particularly social dis-

tancing behaviors during the COVID-19 pandemic were a heavily researched topic, with

both mobile phone data and self-reported survey data as two extremely common data

sources [73, 81, 129, 140, 222]. While the findings from these studies are extremely useful,

the data sources used have some limitations. Aggregated mobile phone location data is

useful for telling the general location of a pedestrian (e.g. if they are visiting a crowded

location like a grocery store), but not the location in relation to others. Thus, phone data

is not suitable for understanding social distancing behaviors. Survey data can be used to

assess social distancing behaviors, but it relies on self-reported metrics, and can be victim

to cognitive biases such as recall.

In this chapter, we provide a new data source for measuring social distancing behaviors

over time. We utilize the outputs from the SVI data pipeline in chapter 3, and a distance

estimation algorithm from Salazar [184], to create a longitudinal social distancing data set

for the city of Seattle. We then analyze the longitudinal data to understand community

mobility patterns and social distancing behaviors during a three-year period. Given the

geospatial nature of the data, this includes analyzing specific points of interest, and different

geographic areas. We are able to confirm key findings from previous studies using other

data sources, and provide additional perspective on COVID-19 related inequities in the US.

Future work can include algorithmic improvements, and analyzing the gap between social

distancing recommendations and pedestrian behavior.
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1.3 Organization

This dissertation is organized as follows. Chapter 2 presents a review article on the use

of empirical quantitative data in lifeline restoration modeling [126], which is published in

Natural Hazards Review. Chapter 3 describes a data pipeline for street view imagery, and

its applications for tracking pedestrian traffic during the COVID-19 pandemic. The work

presented is based on a manuscript that is accepted for publication in PLOS One [127].

Chapter 4 applies a distance estimation algorithm to the detections data from Chapter 3 to

model outdoor social distancing behavior as a metric for disaster recovery, and is based on

a working manuscript. The chapters build on each other to advance the overall objectives

of the dissertation. The dissertation concludes with a summary of contributions and future

research directions in Chapter 5.
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Chapter 2

REVIEW OF EMPIRICAL QUANTITATIVE DATA USE IN
LIFELINE INFRASTRUCTURE RESTORATION MODELING

2.1 Introduction

Recovery from disasters is considered to be one of the less-understood phases of the disas-

ter cycle [132, 200]. Disaster recovery is a broad term with many facets, including social,

economic, built, and natural environments. It is largely accepted that it implies bringing

each of these facets to predisaster levels or better [33, 101, 113]. We follow most closely the

definition of Lindell [113]. Disaster recovery is a phase of the emergency management cycle

that usually overlaps with emergency response. A subsection of disaster recovery research

is lifeline restoration modeling. Restoration refers to the short-term patching up of essen-

tial services to help facilitate longer-term recovery [101, 113, 119]. Lifelines are a subset of

critical infrastructures vital for communities to operate [210], namely, electricity, natural

gas, telecommunication, transportation, water, wastewater, and liquid fuel [5]. Understand-

ing how these systems are restored allows for more informed community resilience planning

efforts [150,161]. We can understand lifeline restoration processes better through modeling.

The lack of, or perceived lack of, empirical data is one of the primary challenges for the

growth of the lifeline restoration modeling field [33,133]. Ouyang [163] identifies difficult to

access data and lack of precise data as key problems for modeling lifeline systems. Lifeline

modeling requires many data, frequently including system topologies, component geographi-

cal locations, and emergency procedures used by the lifeline system’s owners. Data access is

difficult for reasons such as security, liability, competition laws, confidentiality, and privacy.

Rinaldi et al. [178] also identified the volume of data required to model lifeline systems as a

major challenge in the field. Ouyang [163] called for a standardized data collection method
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to remedy data issues, wheras Miles et al. [132] called for a community of practice to develop

around the broader field of disaster recovery modeling, including development of shared data

sets. Consistent data collection and management strategies would allow for many more data

reuse opportunities and greater access into the field for new researchers.

The need for a consistent approach to handling data in lifeline restoration modeling is

apparent. It is necessary to understand the history of data usage in the field. This study

reviews the usage of empirical quantitative data to model lifeline infrastructure restoration

and provide recommendations for future directions of the field. Section 2.2 discusses high-

level trends seen in the literature and the literature search methods used. Section 2.3 breaks

down the literature by modeling approach for an in-depth look at how various approaches

utilize empirical quantitative data. Section 2.4 discusses topics related to lifeline restoration

modeling, such as model validation and testing methods, modeling interdependent systems,

benchmarking testbeds and data management best practices.

This review shows relationships between modeling approach, hazard type, lifeline sys-

tem, and data set features. Additionally, it identifies trends in the field related to modeling

interdependencies in the restoration process and alternative data sources, including bench-

marking testbeds. The most significant contribution of this review, which separates it from

existing reviews such as Ouyang et al. [163] or Miles et al. [132], is its focus on data and

data management. To our knowledge, no other review in the literature has this focus. Our

review shows the breadth of data features and data sources used in the literature. It can

guide researchers regarding the many kinds of data that could be used to model lifeline in-

frastructure restoration. This focus on data emphasizes the importance of data collection

and sharing to scholars and practitioners and hopefully encourage more of them to collect

and share data.

2.2 Methods

This section details our methods for identifying publications to include in the review, what

data items we collected from each publication, and some high-level trends from the literature
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as a whole. We identified initial publications to include in the review by searching Web of

Science. Web of Science was chosen for the search as it includes the curated reputable jour-

nals in relevant disciplines, indexed such as in Science Citation Index Expanded and Social

Sciences Citation Index. This allowed us to focus on the peer-reviewed studies that meet

a certain scholarly standard amid the recent increase of spurious journals. Keywords used

across our searches included terms related to the phases of recovery, different hazard types,

and different lifeline systems. The full list of search terms is lifeline, infrastructure, water,

wastewater, electricity, power, gas, transportation, telecommunications, outage, restoration,

reconstruction, recovery, disaster, hurricane, ice storm, tornado, earthquake, and data.

From these searches, publications were included only if they included a quantitative

restoration model, that model was for one or more lifeline systems, and the model was

grounded in empirical quantitative data in some way. Any publications published in 2019 or

earlier were eligible for inclusion. Using the initial qualifying publications from Web of Sci-

ence, we found older publications that fit the inclusion criteria using backward snowballing.

Backward snowballing is a technique for searching the literature by proceeding backward in

time through references of known publications to find older sources on a topic [61]. In total,

we identified 54 publications that met the inclusion criteria for this study. Publications were

identified and reviewed by the first author to determine suitability for inclusion.

As there are inconsistencies in the literature regarding the usage of key terminologies such

as restoration, recovery, and response [132], and we only reviewed publications in English,

this list may not be exhaustive. However, the inclusion criteria create a representative set of

publications on the topic so the study’s findings and insights are grounded in major literature

trends. A list of all publications included in this review can be found in Table 1. The data

items collected from each publication included the modeling approach(es), the hazard(s) of

interest, the modeled lifeline system(s), whether the publication considered interdependencies

in the restoration process, and the country of origin of the data.

The literature analyzed for this study was a subset of disaster recovery and modeling

literature. It is useful to identify some excluded publications to illustrate the boundary
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of the reviewed literature. Nejat and Ghosh [151] used empirical data to model housing

recovery, but their work is excluded from this review because housing is not considered a

lifeline. Similarly, publications that model greater community recovery, or other non-lifeline

sectors, were not included in this study [11,134]. Works that collect restoration data without

building a restoration model such as Nojima and Maruyama [156] were also not included.

Additionally, publications that work with qualitative data only, such as expert judgments

[34], were not included. Although qualitative data are useful for building quantitative models,

the methods for collecting/generating qualitative data are substantially different from those

for quantitative data and would be best served with their own review. A large body of

literature omitted from this study concerns the power service restoration problem defined

by the Institute of Electrical and Electronics Engineers (IEEE), because they use a specific

technical definition. The problem is also known as the Fault Isolation and Service Restoration

problem. Solutions to this problem try to find the fastest way to isolate a fault in a power

distribution network while minimizing the number of healthy out-of-service areas [125]. There

are reviews of the literature in this area including Ćurčić et al. [48] and Liu et al. [116], so

these articles provide more information on this problem. Many publications in this domain

used electricity infrastructure data, so they are a potentially valuable data source. Making

exclusions of the above types allows us to keep our scope narrow while still having a significant

body of research to review.

2.3 Findings

An initial finding from this review is that lifeline restoration modeling is a growing field.

Figure 2.1a shows the marked increase in publications over time. The sharp increase in

publications over the last ten years (2010-2019) coincides with the proliferation of statistical

models of lifeline restoration. Figure 2.1b shows the change in modeling approaches over

time. Statistical modeling grew markedly in the last ten years compared to other modeling

approaches. This trend may be related to changes in the amount of available data and what

data are being used. The availability of outage/restoration data has likely increased with
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(a) Number of publications over time on modeling lifeline restoration using empirical quantitative

data.

(b) Number of publications over time by modeling approach.

Figure 2.1: Publication trends over time.
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the increasing number of weather-induced disasters [102]. This increase contrasts with the

availability of lifeline-specific data (e.g., topology of a networked system) typically used by

simulation and optimization approaches. This type of data has not experienced the same

trend in accessibility as outage/restoration data since it requires collaboration with utility

companies. Whereas statistical models can use publicly available community attributes, such

as demographic information or economic data, as predictors for outage duration, optimization

or simulation approaches require lifeline-specific data to model the restoration process. Thus,

the growth in statistical models is only natural. The data usage patterns of each modeling

approach are discussed in more detail in Section 2.3.

Data availability is not the only factor that affects modeling decisions. Earthquake haz-

ard research is a historically more organized and well-funded research domain than other

hazards research. This is exemplified by major earthquake engineering research centers such

as the Mid-America Earthquake Center, Pacific Earthquake Engineering Research Center,

and the Multidisciplinary Center for Earthquake Engineering Research (MCEER). MCEER,

formerly known as the National Center for Earthquake Engineering Research, alone pro-

duced hundreds of publications, some of which involve lifeline restoration modeling [146].

Two of the most extensive past restoration modeling and data collection efforts are MCEER

projects that involved collaborations with the Los Angeles Department of Water and Power

(LADWP) and Memphis Light, Gas and Water Division (MLGW). Both partnerships re-

sulted in multiple publications, so earthquake-related models are heavily represented in the

literature as seen in Figure 2.2a. Furthermore, a significant body of literature assumes an

initial damaged state without specifying a hazard type, or considers multiple hazards, to

make those models more generalizable (Figure 2.2a).

We separated lifeline restoration modeling into three categories for our analysis: opti-

mization, simulation and statistical modeling. Although these categories are broad, there

are still enough differences in data usage between them. To facilitate our discussion of data

management practices, this section discusses each modeling approach and the common data-

usage practices within them. Each modeling approach subsection has three parts. Part 1
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focuses on data set features (i.e., what types of data are being used), part 2 focuses on

notable data sets (defined as any data set that was used in more than one publication),

and part 3 focuses on data sources (i.e., from where the data were obtained). Statistical

modeling approaches are the most common, followed by simulation, and then optimization

(see Figure 2.2b).

There are clear connections between the modeling approaches and the types of data used.

Optimization models most often consider multiple lifeline systems and hazard types, whereas

statistical typically are linked to electricity restoration and simulation models typically are

linked to earthquakes (see Figures 2.3a and 2.3b). Optimization models are procedural

and emphasize generalizability, so they tend to use data sets representing multiple systems

and hazards. Statistical approaches to modeling electricity restoration are common because

power outage data are more common than outage data for other lifelines. Electricity restora-

tion models often are constructed using outage data and any data used as a predictor (e.g.,

electricity system features, hazard characteristics, or socioeconomic data about the surround-

ing community). Simulation modeling of postearthquake restoration is common because of

the MCEER research program. The long-term MCEER partnership with the Los Angeles

Department of Water and Power (LADWP) yielded high-resolution simulation models of

post-earthquake restoration, resulting in multiple publications.

2.3.1 Simulation

Overview

Simulation models have the longest history of any method in the lifeline restoration mod-

eling domain, dating back to the 1980s [96, 97]. Simulation modeling was the second most

common modeling approach in the literature reviewed. In terms of data usage, simulation

models are typically based on lifeline-specific data such as a connected graph representation

of the system, individual component repair times, and available repair resources (e.g., main-

tenance crews). High-fidelity simulation models require detailed data about all parts of the
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(a) Breakdown by hazard type. ‘Other Wind’ includes ice storms and tornadoes.

(b) Breakdown by modeling approach.

Figure 2.2: Breakdown of the reviewed literature.
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(a) Breakdown of the reviewed literature by modeling approach and lifeline system.

(b) Breakdown of the reviewed literature by modeling approach and hazard type.

Figure 2.3: Relating modeling approach to lifeline system and hazard type.
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restoration process, so some of the largest data sets in terms of the number of features are

found in this section.

Data Set Features

Data for simulation models come from many different sources. In spite of this, there is a high

level of overlap in the features of the data sets. Every simulation-based publication reviewed

used lifeline infrastructure data in some capacity. Lifeline systems are commonly represented

as connected graphs [29, 39, 96, 174]. Component failure rates are frequently obtained from

other works [20,23,96,205]. Another common data set feature is repair crew information such

as repair rate, efficiency, and number of crews [20,21,28,29,120,208,227]. Lastly, information

about restoration from an outage event primarily is used for model validation and testing.

Validation and testing methods are discussed more in Section 2.4.

Notable Data Sets

Two data sets with a large number of features used for simulation modeling are those used to

model the restoration of the LADWP systems [20,21,28,29,208,209,227]. The data sets for

these publications are the result of extensive collaboration with LADWP. The publications

are from two separate projects, one for water restoration [20,21,208,209] and one for power

restoration [28,29,227]. The data sets include detailed network representations of the respec-

tive lifelines, locations of the various resources necessary for repair work, expected behavior

of repair crews, and each repair resource’s availability. Additionally, restoration and initial

damage data from the 1994 Northridge earthquake serve as the basis for model validation.

Luna et al. [120] studied water supply system restoration from earthquakes using discrete

event simulation and a colored Petri nets approach. They use the data set of Isoyama

and Katayama [96]. The data set includes the network representation of Tokyo’s trunk

water supply system, damage probabilities for system components, repair crews, trucks,

replacement pipes, and excavators. The authors compare their model against Isoyama and

Katayama [96]; however, they do not use baseline restoration data to test the model.
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Data Sources

Many data sources are used in simulation modeling studies, although some publications do

not identify an original source for their data sets. Sun et al. [205] use an IEEE Bus Test

Case for their network data as well as data from HAZUS and previous works for compo-

nent fragility functions. Several studies in this area [20, 21, 28, 29, 208, 209, 227] collaborate

directly with LADWP and collected extensive data sets through interviews and review-

ing emergency response plans. Other data sources include HAZUS, S&P Global Platts (a

provider of information for commodities markets), public utility data, and government dis-

aster reports. Easily the most common data source in the simulation literature is previous

publications [23,37,120,164–166]. Isumi et al. [97] use damage and restoration reports from

local government and utility companies. Lastly, Google Earth is an infrequent but inventive

data source for identifying lifeline facility network structure [86, 174].

2.3.2 Optimization

Overview

The purpose and data usage of optimization modeling studies differ from those of the other

two modeling approaches. The purpose of an optimization model is typically to identify an

efficient restoration sequence. In contrast, the purpose of simulation modeling often is to

understand a restoration process in greater detail, whereas the purpose of statistical modeling

often is to predict outage duration. Optimization models also distinguish themselves from

other approaches by more frequently modeling interdependencies between lifelines through

model constraints.

From a data usage perspective, optimization models do not put as strong of an emphasis

on using empirical data. Compared to other modeling approaches, optimization models are

typically focused on proving a theoretical result, which explains the lack of emphasis on data.

Real-world data are not strictly necessary to prove a theoretical result, such as optimality,

or to show computation times. This is how data sets, such as the one used by Lee et al. [109]
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arise, which generate a realistic representation of several lifelines using empirical quantitative

and qualitative data together.

Data Set Features

Optimization models are similar to simulation models in that they focus their modeling efforts

on the lifeline systems and restoration processes themselves. This focus leads to data sets that

take the form of connected graph representations of lifelines. These representations include

location and capacity of supply nodes, node-arc lifeline interdependencies, flow capacities,

flow costs, and repair costs.

Notable Data Sets

Lee et al. [109] is one of the more frequently cited optimization restoration modeling stud-

ies, and the data set they created is reused in multiple other publications [30, 158, 159].

They used data from the U.S. Census, New York City Metropolitan Transit Authority, a

local electric company, and Verizon to represent the lifelines in lower Manhattan. This rep-

resentation includes physical layout, supplies, demands, capacities, interdependencies, and

origin-destination information for the transportation and telecommunications networks.

Nurre et al. [158] use the same data set for lower Manhattan as Lee et al. [109], in addition

to collecting data about New Hanover County, North Carolina. The New Hanover County

data set includes representations of electricity systems, wastewater systems, and emergency

supply chain infrastructures. This data set was created with the infrastructure systems’

managers and a county emergency manager. All systems are represented as connected graphs;

restoration strategies were implemented using the input of emergency and utility managers.

Sharkey et al. [191] also used this New Hanover County data set. Iloglu and Albert [95] used

a different data set from New Hanover County, representing the road network, locations of

fire and rescue stations, and locations of demand for emergency services.

González et al. [75, 76] tested their models on a data set representing Shelby County,

Tennessee. The data set contains network representations of the power, water and gas
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systems of the county. This data set stems from an extensive partnership with a utility

company, in this case, MLGW. This partnership yielded a feature-rich data set used in many

subsequent studies. It dates back to an MCEER project with many contributors. This data

set is discussed in more detail in Section 2.3.3.

Data Sources

The data sources for optimization models are similar to those of simulation models but

less varied. Collaboration with lifeline management organizations to get data is a common

method [109,158,212,228]. Researchers also consistently make use of data sets collected from

prior studies [30, 75, 76, 158, 159, 191], frequently other lifeline restoration modeling efforts.

There is less emphasis on data collection and usage than in other modeling approaches,

as optimization models are frequently theoretical. Overall, optimization approaches use a

similar, but smaller, set of data sources than simulation approaches.

2.3.3 Statistical Models

Statistical models are the most frequently used and most varied of the three modeling ap-

proaches. The goal of such a model is usually to generate a restoration time estimate (e.g.,

it will take four days for the lifeline to be 90% functional), or a restoration probability (e.g.,

there is an 80% probability the lifeline has 90% functionality in three days). The statis-

tical modeling approaches include curve fitting [168], survival analysis [15, 50, 138], various

machine learning techniques [144,149] and econometric models [122], among others.

With the widest variety of approaches, statistical models also encompass the widest

variety of data set features and sources. A commonality amongst the statistical models

is lifeline restoration data used for model fitting and model validation and testing. Some

larger data sets, in terms of features and the number of disaster events, include power

restoration after several hurricanes in the U.S. Gulf Coast region [148,149] and a data set for

power restoration after hurricanes and ice storms for three power companies covering North

Carolina, South Carolina, and Virginia [50, 115,177].
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Data Set Features

A common feature of statistical modeling data sets is the use of restoration data from histor-

ical disaster events. Sometimes this takes the form of time series restoration data and other

times a single data point representing the percentage restoration for a particular geographic

area. Lifeline data sets are also used in many studies. Common features for power system

data sets include the number of poles, transformers, switches and lines in each grid cell of a

spatial data layer [115, 148, 149]. Other common data set features include hazard data such

as wind speed, rainfall, and ice accretion and geographic data such as land cover and soil

depth [50, 79]. Several studies use socioeconomic data [115, 137], including demographics,

population density and poverty rates. Other data set features include commodity trade data

and climate data, such as mean annual precipitation [79,122,144].

Notable Data Sets

In two studies, Nateghi et al. [148,149] use a data set representing the Gulf Coast region of

the U.S. The data set includes estimates of wind gust speed, duration of wind speed exceeding

20 m/s, land cover, soil moisture, antecedent precipitation and mean annual precipitation.

Power system-related features included numbers of poles, transformers, and switches; length

of overhead and underground lines; and number of impacted customers. These features were

mapped to 3.66 km by 2.4 km grid cells. Restoration information is available for three

hurricane events. This multi-event nature combined with the number of features makes this

data set one of the largest in the power restoration literature.

One of the most commonly used data sets for modeling various aspects of disaster recovery

is that used in Liu et al. [115]. This data set was used for many publications, some of which

were not directly modeling lifeline restoration [114], and others extending existing restoration

modeling work [177]. The data set includes outage data from three utility companies in the

North Carolina area for six hurricanes and eight ice storms. The data set was collected at the

county level for land cover, number of customers affected, type of device affected, population
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density, outage start time compared to start time of the first outage, estimated wind speed,

seven-day rainfall and ice accretion. Reed [177] used a subset of this data set and data from

the 1999 French winter storms for their model.

Yu and Baroud [231] also utilized a data set from Shelby County, Tennessee. Their data

set comprises outage data from fifteen storms for MLGW between 2007 and 2017. Shelby

County and MLGW provided data for research in the past that resulted in many extensive

works, most notably an MCEER project in the 1990s [36, 193]. The data set presented in

Chang et al. [36] comprises layouts for water, electricity and natural gas systems, restoration

data for the 1994 Northridge earthquake, utility usage data, census data, and economic data.

Several studies aggregated data from many events worldwide to build their models, and

others that focused on a specific geographic area for restoration data. Dı́az-Delgado Bragado

[53] built a database of restoration data for 31 earthquake events from around the world

from 1923 to 2015, considering water, power, gas and telecommunications systems and uses

it to fit gamma cumulative distribution functions. Monsalve and de La Llera [139] also

compiled earthquake restoration data, encompassing six different earthquakes and various

infrastructure systems. Kammouh et al. [100] also collected worldwide earthquake restoration

data, for 32 earthquakes. Zorn and Shamseldin [235] collected restoration data from 18

events, including earthquakes, hurricanes, and other types of disasters, for electricity, water,

gas, and telecommunications systems. Duffey [60] collected power restoration data for 13

disaster events between 2012 and 2018 using“power tracker” or “outage map” websites.

Nojima and Sugito [154, 155] and Nojima and Kato [152, 153] collected data sets from

Japanese earthquake events as the basis for their models. These data sets include seismic

intensity from the Japan Meteorological Agency, spatially distributed population data and

network vulnerability data for water and gas systems. Restoration data sets for electricity,

water, and gas systems also were used. The data sets are collected from the 1995 Hyogoken-

Nambu earthquake and the 2011 Tōhoku earthquake.

MacKenzie and Barker [122] used publicly available U.S. outage data collected by the

U.S. Department of Energy through form OE-417, along with state population data. The
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data set includes duration, location (state), and cause of the outage between January 2002 to

June 2009. Barker and Baroud [10] and Barabadi and Ayele [9] used the same data set, while

Mukherjee et al. [144] utilized a larger data set of OE-417 submissions, containing informa-

tion from January 2000 to July 2016. They used state-level population data, climate data

from the U.S. National Oceanic and Administrative Administration, electricity consumption

patterns from the U.S. Energy Information Administration, Urban/Rural and Land/Water

percentages from the U.S. Census Bureau, and state-level economic characteristics from the

U.S. Bureau of Economic Analysis.

Data Sources

Direct collaboration with utility companies is again a common data source [36, 46, 137, 148,

149, 168]. Nateghi et al. [148, 149] supplemented their utility-provided data with data col-

lected from a commercial weather forecasting service and the National Land Cover database.

Mitsova et al. [137] collect additional data from the American Community Survey for their

model. Several modelers got their data sets from public U.S. government data sources

[9, 10, 122, 144]. The most common data source is data sets from previous studies, such as

the worldwide restoration data sets in Zorn and Shamseldin [235] and Kammouh et al. [100].

Using a novel approach, Duffey [60] used “outage tracker” websites to gather restoration

data after multiple disasters. Sources outside the U.S. are used in several works [9, 15, 138].

Public outage reports are used in Duffey and Ha [59].

2.4 Future Directions for Research

We identified several important topics for discussion from this literature review. These topics

can be broken into thematic and methodological directions. The two thematic directions we

identified were modeling interdependent systems and engagement through benchmarking

testbeds. The methodological directions are alternative data sources, model validation and

testing, and data management best practices. These topics have relevance to the future

directions of the lifeline restoration modeling literature.
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2.4.1 Thematic Directions

Modeling Interdependent Systems

Interdependency is increasingly recognized as an important factor to consider while modeling

lifeline restoration, as seen in Figure 2.4a. Lifeline systems are interdependent by nature.

For example, power generators require water for cooling and electricity is needed for water

pumps to function. Quantifying these interdependencies regarding restoration is an ongoing

challenge for modelers, but one that is actively being worked on by researchers.

There was an increase in studies of cascading failures [89, 217, 225] in recent years, and

there is a broad recognition that lifelines are restored in an interdependent fashion [178,192].

In contrast, our review shows that only about 25% of the reviewed literature consider in-

terdependencies directly. Optimization models have the longest history incorporating in-

terdependencies in their models, as seen in Figure 2.4b. The rest of this section discusses

a few of the methods used to model interdependent restoration in the reviewed literature

and promising approaches that, to our knowledge, have yet to be applied in a restoration

modeling context.

Lee et al. [109] is the oldest instance of modeling interdependent infrastructure restoration

in the reviewed literature. They considered power, telecommunications, and transportation

systems in modeling five types of interdependency: input dependence, mutual dependence,

shared dependence, exclusive-or dependence and co-located dependence. The authors include

interdependencies as constraints in their problem formulation. Çavdaroğlu et al. [30] utilized

the same data set but also determined an optimal restoration sequence for the lifeline systems.

Their objective was to maximize the functionality of the lifeline services over the restoration

period by balancing unmet demand costs and operating costs. They also model restoration

interdependencies through their model constraints.

Yan and Shih [228] modeled transportation restoration and emergency relief distribution

together. While not a model of interdependent lifeline restoration, their work demonstrated

a way to model restoration of interdependent systems. They used a multi-objective optimiza-
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(a) Number of publications over time that model interdependent restoration.

(b) Breakdown of publications by modeling approach on interdependent restoration.

Figure 2.4: Interdependency in the reviewed literature.
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tion model to minimize the length of time for restoration and subsequent relief distribution.

The authors noted the connection between the transportation system and the ability to

distribute relief.

MacKenzie and Barker [122] utilized the dynamic inoperability input-output model (DI-

IOM) to include interdependency in their restoration model. Interdependencies in the DI-

IOM are quantified using commodity flow data from the U.S. Bureau of Economic Analy-

sis. MacKenzie and Barker applied the model to estimate restoration from power outages.

Theirs is the earliest nonoptimization approach to modeling restoration interdependency in

the reviewed literature. He and Cha [86] extended the DIIOM to calculate facility-level inter-

dependencies as opposed to system-level interdependencies in the traditional DIIOM. This

facility-level approach captures interdependencies not only across, but also within systems.

Other more recent models used a variety of approaches for modeling interdependent

restoration [75, 76, 139, 174]. Monsalve and de La Llera [139] calculated a daily restoration

rate for each lifeline in their model based on the lifeline type, its interdependencies, and an

additive Gaussian error term. The authors utilized a least-squares criterion that minimizes

the difference between the expected value of the model and the data to estimate model

parameters, including lifeline interdependencies. Their model assumes that the restoration

rate of a given lifeline depends on the functionality of other lifeline systems but not on their

restoration rates. González et al. [75, 76] defined four types of interdependencies: logical,

physical, cyber, and geographic. They accounted for these interdependencies through the

constraints of their optimization model. Ramachandran et al. [174] included interdependency

in their simulation model by including constraints that some tasks cannot start until others

finish (e.g., power lines cannot be repaired until the road to access those lines is free of

debris).

A series of studies utilized time-series restoration data and cross-correlation functions to

quantify the interdependency between two lifelines [40, 58, 107]. This method of quantify-

ing interdependencies has not been incorporated into a restoration model, but there is the

potential to do so. We believe that it could be applied in an approach similar to that of
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Monsalve and de La Llera (described above) [139].

Engagement through Benchmarking Testbeds

Over the last few years, there has been significant progress creating benchmarking testbeds

for recovery modeling. Two examples are Customizable Artificial Community (CLARC)

County, created by Loggins et al. [119], and Centerville, created by the Center for Risk-

Based Community Resilience Planning at Colorado State University [44]. CLARC County

is a GIS data set representing an artificial hurricane-prone community of 500,000. The

data set contains demographic and geographic data typically reported for U.S. census tracts

and physical locations and characteristics of components of civil and social infrastructure

systems along with their interdependencies. The data set exists to support infrastructure and

emergency management research without compromising potentially sensitive information.

The Centerville community resilience testbed is a virtual city, representing a typical middle-

class city in the Midwestern U.S. that is susceptible to tornadoes and earthquakes. Buildings,

transportation systems, electric power, and water systems are represented in the data set, and

socioeconomic features based on American Community Survey data for Galveston, Texas,

and income data from Fort Collins, Colorado.

These testbeds are conducive to recovery research, as they allow for complete, although

synthetic, data sets to be used to test and compare recovery models. The two examples

provided here also show that testbeds can be constructed in various ways, ranging from

being completely synthetic to being based on empirical data from a single source or an

amalgamation of sources. The areas represented by the example testbeds are different, one

being an individual city, while the other a U.S. county. No matter the construction, these

testbeds can provide value as boundary objects for comparison, if nothing else. Given how

recent these efforts are, it is unclear if the development of testbeds affects the use and

collection of empirical data.

The difficulty of collecting extensive data sets for lifeline restoration modeling is well

documented in the reviewed literature. Loggins et al. [119] mention an extensive data col-
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lection process they attempted for New Hanover County, NC, and how the difficulties they

experienced led them to create CLARC county. The likelihood of developing complete data

sets on all lifelines in a community and lifeline restoration data from a disaster event in that

community is low. Even if such a data set were to be developed, security concerns might

prevent it from ever entering the public domain. This makes testbeds the logical next step

for the developing large-scale, highly detailed optimization and simulation models of inter-

dependent recovery. However, this does not eliminate the need for the collection of empirical

data.

The data collection of Loggins et al. for New Hanover County informed the creation

of CLARC county [119], and Centerville [44] was created from an amalgamation of several

empirical sources. Data availability can and sometimes should inform modeling approaches

depending on modelers’ objectives, although models built with no empirical data can still

provide useful insights and create new knowledge (e.g., what-if analysis, facilitation of discus-

sion, and education). Examples of data availability informing model choice include the work

done with LADWP. The authors had access to a feature-rich lifeline-specific data set, which

made a detailed simulation model feasible. Another example of data availability informing

modeling efforts/direction is the work of Mukherjee et al. [144]. The authors had access to

publicly available data at the state level, making possible a broader statistical model. Having

the data set publicly available means others can duplicate and extend this work. There are

also many examples of benchmarking in the literature where authors extend the modeling

efforts of previous work using the same data set and compare the results.

2.4.2 Methodological Directions

Alternative Data Sources

Some studies that fall outside of this review’s inclusion criteria still deserve mention for

their usage of data sources not seen in the reviewed literature. McDaniels et al. [128] and

Chang et al. [35] characterized lifeline failure interdependencies using manual content analysis
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of newspapers and technical reports. In contrast, Lin et al. [112] used natural language

processing to analyze newspaper stories from New Zealand after the Canterbury earthquakes

to track long-term recovery. Doubleday et al. [56] used daily bicycle and pedestrian activity

as an indicator of disaster recovery. Burton et al. [27] used repeat photography to characterize

recovery after Hurricane Katrina. Brown and Pinkerton [24] used synthetic data for power

system elements. Chang et al. [34] used expert elicitation to characterize lifeline resilience.

Expert elicitation plays an important role in statewide resilience initiatives [160,221], and in

the development of the Federal Emergency Management Agency’s HAZUS [67].

All of the above approaches do not rely on empirical data directly related to lifelines or

lifeline restoration. In particular, approaches such as those seen in Doubleday et al. [56] are

promising because they make use of empirical quantitative data that has not been used in

the restoration modeling space. If data sets of this nature can be linked to lifeline restoration

data, the total amount of restoration data sets available would increase. Partially synthetic

power system data sets such as those used by Brown and Pinkerton [24] also show how

new data can be generated to meet an existing need. There is already a significant body of

literature related to generating synthetic power system data sets [17,18,71].

The approach of Lin et al. [112], using natural language processing to generate recovery

data, has the potential to create many new data sets that could be used for restoration

modeling. While their analysis is focused on long-term recovery, a similar approach could be

used for modeling shorter-term restoration, perhaps using a different source such as Twit-

ter data [135, 173, 236]. Expert elicitation is another method that can be used to develop

restoration models. Models based on expert judgment can apply techniques such as Cooke’s

method [45] to create a systematic approach for eliciting expert knowledge when empirical

data sets are unavailable or inaccessible.

Validation and Testing Methods

As a precursor to this section, we want to acknowledge that model validation is a con-

tested concept with many definitions, recommendations, and best practices across disci-
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plines [181, 223]. There is a tendency to think that every model was developed to predict,

and thus every model should be validated using out-of-sample testing. However, there are

many reasons for modeling outside of prediction [64]. Because this review discusses the use

of empirical quantitative data, reviewed publications used data for model calibration, vali-

dation, or application through a case study. Acknowledging that out-of-sample testing is not

applicable or feasible for every modeling study, this subsection discusses what out-of-sample

validation and testing techniques have been used in the field to date.

Statistical models have the widest variety of out-of-sample validation and testing ap-

proaches. Cross-validation is used in a few models for parameter fitting or model compar-

ison [79, 122, 148, 231]. Some modelers split their data sets into training and test sets by

withholding information from some disaster events [50,115,149]. Park et al. [168] fit a curve

to restoration data from one event and compared the fitted parameters to that of another

event.

Several out-of-sample validation methods have been used by simulation models as well.

The projects that partnered with LADWP [20,21,28,29,208,209,227] used restoration data

from the 1994 Northridge earthquake. The studies performed the validation by setting model

input parameters (e.g. number of repair crews) equivalent to the Northridge conditions and

comparing the simulated restoration time to the actual restoration time from the Northridge

event. Other studies that compare their model output to restoration data included Isumi et

al. [97] and He and Cha [86]. A comparison of model output for a theoretical disaster event

and restoration data from a similar disaster event in a different location [174] is one of the

more inventive validation methods seen in the literature.

There are no optimization models in the reviewed literature that were tested out of

sample. However, given the nature of an optimization model, this should not come as a

surprise. The goal of optimization is usually to perform better than the status quo. Thus

the restoration time estimates from an optimization model nearly always are below real-

world restoration times. The contribution of an optimization model is typically a new model

formulation [158,228] or solution approach [76].
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Overall, the reviewed literature encompassed a wide variety of validation and testing ap-

proaches. Although we encourage the use of out-of-sample model evaluation, we understand

that this is not always possible, nor does it always make sense. However, as models continue

to become more generalizable and data more available, we hope to see more out-of-sample

evaluations take place in this field.

A Data Management Methodology for Reproducibility in Disaster Recovery Modeling

The research community benefits from reproducibility, which is fostered by detailed meta-

data and data publication. Within the analyzed publications, data descriptions frequently

were lacking, and data sets rarely were published. Although it is not always possible to

publish data sets for a wide variety of reasons (e.g., security and privacy), this reduces the

reproducibility of any research using those data sets. As data becomes increasingly prevalent

across research domains, there are more advocates for increased accessibility of data sets.

Gentleman and Lang [72] go so far as to call for the publication of “reproducible research

compendiums” which include the final paper, as well as the data set, software, and any other

items necessary to reproduce the research. They acknowledged that this is not feasible for

all research but maintained that publishing as much information as possible is worthwhile.

The findability, accessiblity, interoperability and resuse of digital assets (FAIR) guiding

principles for scientific data management and stewardship [224] represent a minimal set of

domain-independent data management principles. Specifically, these principles state that

research objects [13] should be findable, accessible, interoperable, and reusable, both for

human-driven and machine-driven activities. These principles purposefully are kept minimal

to make the barrier to entry as low as possible to allow for easy implementation, even in

cases where data sets cannot be published in their entirety or at all. With these principles

in mind, the remainder of this section is devoted to proposing a methodology for writing the

data description section of a research paper in the disaster recovery modeling domain and

best practices for data publication.

González-Barahona and Robles [77] discussed the reproducibility of empirical software
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engineering studies and identified elements of said studies with an impact on reproducibil-

ity. We adapted their ideas to fit the disaster recovery modeling domain. We recommend

all disaster recovery modeling publications using empirical data include a data description

section, with at least the following components:

1. Data source(s). Where did the data set come from? This should be as specific as

possible. Even if the only thing an author can share is “an unnamed utility company

from the U.S. Southeast”, that is still worthwhile for a reader to know. Where possible,

links or citations to the original data source(s) should be included.

2. Retrieval method. How was the data set collected from the source? Examples include

downloading a CSV or GIS file from a government website, receiving data via email,

and using a web scraper.

3. Raw data set and metadata. Can the data set be shared or is it publicly available? If

yes, we recommend linking to an online repository that includes a description of the

format and features of the data set. If not, we recommend providing the metadata of

the data set and the proper procedure to gain access to the data set if there is one. We

recommend following the Dublin Core [57] standards for metadata. These standards

include a cross-disciplinary list of properties for use in resource descriptions designed

to be machine-processable that suit modern metadata needs.

4. Data processing methods. For example, what transformations were performed on the

data set to adapt it into a usable form? Were features standardized? How were missing

entries handled?

5. Processed data set and metadata. What are the form and features of the processed

data? Processed data sets should be stored separately from the raw data set in an

online repository with a link for others to access. Obtaining a Digital Object Identifier

(DOI) for the data set is a best practice after publishing it on an online repository
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or in a peer-reviewed journal (e.g., [143]). Version-controlled documentation can track

problems in the data sets as they are found and corrected. As with the raw data set,

if the processed data set cannot be published, we recommend to at least provide the

metadata.

6. Processed data set’s summary statistics. If the data set is numerical, statistics can be

presented in a table. If the data set is only a network representation of an infrastructure

system, a graphical representation may be sufficient. If this information cannot be

shared, it can be clearly stated with a reason (e.g., national security).

This methodology is visually depicted in Figure 2.5. One example of a brief, comprehen-

sive data description in an academic publication is from Yan and Shih [228]:

The roadway-network information includes the roadway segments and intersec-

tions in Nantou County, the location of repair points and work stations, and the

location of supply and demand points. The emergency repair resources include

the work teams for each station and the average time required for a work team

to repair each repair point. Note that, in practice, when scheduling the roadway

repairs, information on the time needed to repair every repair point is given by

the engineers. Several engineers estimate the repair time in advance based on ex-

perience and the level of damage. Decision-makers then use the average time (as

was done in this research) to set the repair time. ... There are 46 intersections,

24 repair points, 8 demand points, 9 work stations, 24 work teams, 5 distribution

centers, and 196 time unit lengths (3 days is the time length, with a time unit of

15 min), in the tests.

This description does not contain all the elements in our proposed data management method-

ology, but it shows what can be done with a small amount of space in a research publication.

The authors do mention a specific data source in their acknowledgments section.
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Figure 2.5: Graphical representation of the proposed data management methodology.

When it comes to publishing data sets, following the FAIR principles [224] should be the

minimum standard we strive to achieve. An emphasis on these principles is enhancing the

ability of machines to find and access data sets automatically. We also would like to empha-

size this point and recommend that researchers in the disaster recovery modeling domain

publish their data sets on digital platforms that are easily machine-accessible. One domain-

specific example of this is the National Science Foundation’s Natural Hazards Engineering

Research Infrastructure, DesignSafe-CI [175]. DesignSafe-CI is a cyberinfrastructure envi-

ronment for research in natural hazards engineering. The features of this cyberinfrastructure

include data sharing and publication, integrated data analysis tools, high-performance com-

puting access, and collaboration tools. DesignSafe-CI has detailed data publication guidelines

and guidance for writing data management plans available.

We recognize that it is not always possible to share all the information in our proposed

methodology due to privacy or security concerns. Even under this constraint, it is still

important to make clear data management practices for research. If the data set is private,

one can still provide relevant metadata within the limitations of the data set provider. This
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creates an opportunity for future research to collect a different data set with the same features

and apply the method used in the original study. Overall, there are many opportunities for

increased data sharing and higher standards for reproducibility in the field of disaster recovery

modeling. The proposed methodology further supports a community of practice around data

management in disaster recovery modeling. Using resources like DesignSafe-CI is one way

to make the disaster recovery modeling community of practice a reality.

2.5 Summary

The data sources and data features used by lifeline restoration modelers vary across modeling

approaches and there is no standardized methodology for utilizing data in this research

domain. This review highlights various data sets that have been used in the past to model

lifeline restoration to help build a community of practice within the broader field of disaster

recovery modeling. We propose a set of best practices for managing and writing about

data sets used for disaster recovery modeling. These best practices rely on data access

and availability. Practitioners in emergency management or infrastructure operation can

significantly aid disaster recovery researchers by collecting and sharing any recovery-related

data with them. A stronger partnership between the research and practicing communities is

necessary for the field to move forward.

Our review shows that direct collaboration with utilities and publicly available data, usu-

ally from the government, were two of the most common data sources in the literature. Data

sets are frequently reused over time to provide additional insights with new/updated model-

ing approaches. We discussed the usage of benchmarking testbeds as an alternative way to

develop and test recovery models where relevant data sets are unavailable. Expert elicitation

and large-scale text data sets were identified as additional alternative data sources. Overall,

this review demonstrates the wide variety of data sources available to modelers. Some lim-

itations of our review include that the review may not have identified every publication in

this domain. This exclusion could happen due to using only one database (i.e., Web of Sci-

ence) for identifying publications and the inconsistencies regarding the usage of terms such
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as restoration, recovery, and response. Additionally, nearly two thirds of the publications in

the review used data from the U.S. Two potential causes for this include the availability of

data in other countries and our inclusion only of articles published in English.

Our intent for the proposed data management practices is to cause more data sets to be-

come publicly available. These data practices can guide modelers without much experience

in disaster and hazard research to enter the research domain and open doors for disaster and

hazard researchers to build models with more data than that to which they previously had

access. With more and more data available, the goal of a generalizable model of interdepen-

dent restoration could be realized, with communities around the world as the beneficiaries.
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Table 2.1: List of every publication included in review, in order of publication year. E

- electricity, W - Water, G - Gas, Tel - Telecommunications, Tr - Transportation, WW -

Waste Water, ESC - Emergency Supply Chain, F - Fuel, M/U - Multiple/Unspecified, OW

- Other Wind.

Reference Approach Lifeline Hazard Type Country

Isoyama and Katayama [96] Simulation W Earthquake Japan

Isumi et al. [97] Simulation E, W, G Earthquake Japan

Chang et al. [36] Statistical E, W, G Earthquake U.S.

Brown et al. [23] Simulation E OW U.S.

Cooper et al. [46] Statistical E M/U U.S.

Chang et al. [37] Simulation W Earthquake U.S.

Nojima and Sugito [154] Statistical E, W, G Earthquake Japan

Nojima nad Sugito [155] Statistical E, W, G Earthquake Japan

Park et al. [168] Statistical E Earthquake U.S.

Çağnan et al. [29] Simulation E Earthquake U.S.

Liu et al. [115] Statistical E OW U.S.

Lee et al. [109] Optimization E, Tel, Tr M/U U.S.

Xu et al. [227] Simulation E Earthquake U.S.

Çağnan and Davidson [28] Simulation E Earthquake U.S.

Reed [177] Statistical E OW U.S.

Tabucchi and Davidson [209] Simulation W Earthquake U.S.

Yan and Shih [228] Optimization Tr, ESC Earthquake Taiwan

Brink et al. [20] Simulation W Earthquake U.S.

Tabucchi et al. [208] Simulation W Earthquake U.S.

Nateghi et al. [149] Statistical E Hurricane U.S.

Continued on next page
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Table 2.1 – Continued from previous page

Reference Approach Lifeline Hazard Type Country

Luna et al. [120] Simulation W Earthquake Japan

Ouyang et al. [165] Simulation E Hurricane U.S.

Brink et al. [21] Simulation W Earthquake U.S.

Nurre et al. [158] Optimization E, WW, ESC M/U U.S.

Nojima and Kato [152] Statistical E,W,G Earthquake Japan

MacKenzie and Barker [122] Statistical E M/U U.S.

Çavdaroğlu et al. [30] Optimization E, Tel M/U U.S.

Duffey and Ha [59] Statistical E M/U U.S., Sweden

Belgium, France

Nateghi et al. [148] Statistical E Hurricane U.S.

Barker and Baroud [10] Statistical E M/U U.S.

Tuzun Aksu and Ozdamar [212] Optimization Tr M/U Turkey

Nojima and Kato [153] Statistical E, W, G Earthquake Japan

Nurre and Sharkey [159] Optimization E, Tel M/U U.S.

Sun et al. [205] Simulation E Earthquake U.S.

Zorn and Shamseldin [235] Statistical E, W, G, Tel M/U New Zealand

Worldwide

Ramachandran et al. [174] Simulation E, W, Tel, F OW U.S.

Sharkey et al. [191] Optimization E, W, WW, Tel Hurricane U.S.

Ouyang and Wang [166] Simulation E, G Hurricane U.S.

Bessani et al. [15] Statistical E M/U Brazil

González et al. [76] Optimization E, W, G Earthquake U.S.

Dı́az-Delgado Bragado [53] Statistical E, W, G, Tel Earthquake Worldwide

Mojtahedi et al. [138] Statistical Tr M/U Australia

Davidson et al. [50] Statistical E OW U.S.

Continued on next page
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Table 2.1 – Continued from previous page

Reference Approach Lifeline Hazard Type Country

González et al. [75] Optimization E, W, G Earthquake U.S.

Mitsova et al. [137] Statistical E Hurricane U.S.

Choi et al. [39] Simulation W Earthquake South Korea

Mukherjee et al. [144] Statistical E M/U U.S.

Barabadi and Ayele [9] Statistical E, Tr M/U Iran, U.S.

Kammouh et al. [100] Statistical E, W, G, Tel Earthquake Worldwide

Iloglu and Albert [95] Optimization Tr, ESC M/U U.S.

He and Cha [86] Simulation E, W, Tel Hurricane U.S.

Monsalve and de La Llera [139] Statistical E, W, G, Tel Earthquake New Zealand

Japan, Chile

Yu and Baroud [231] Statistical E OW U.S

Duffey [60] Statistical E M/U Ireland, U.S.

New Zealand
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Chapter 3

OPEN-SOURCE DATA PIPELINE FOR STREET-VIEW
IMAGES: A CASE STUDY ON COMMUNITY MOBILITY

DURING COVID-19 PANDEMIC

3.1 Introduction

One way to assess recovery from disasters is through repeat imaging [27, 88, 130]. Repeat

imaging provides primary data that can be compared across different disasters and, with

modern technology, efficiently collected over time. One type of imagery that is becom-

ing increasingly popular data source for research purposes is street-level imagery [41]. Be-

tween 2009 and 2020, more than 200 publications utilized street-level imagery from cor-

porate sources in urban research [41]. Out of all these sources, Google Street View’s

Street View Images (SVI) were the most popular among academics [41, 74, 111]. Uses for

SVI data include tracking disaster recovery [88], estimating demographics [70], evaluating

the built environment [6], measuring pedestrian volume [230], among many other applica-

tions [157,179,183,219].

While SVI data can provide many useful insights for researchers, it is not without its

flaws. For corporate-collected images such as Google Street View, or Tencent Street View the

availability of images depends on where the companies decide to collect data, while the acces-

sibility of these images hinges on the companies’ data provision policies. For example, there is

no Google Street View service in most parts of Africa. An alternative to corporate-collected

images are crowdsourced SVI databases such as Mapillary [124]. These crowdsourced images

sometimes may have better coverage or temporal resolution than Google Street View, at the

cost of varying image quality, field of view, and positional accuracy [111, 123]. Perhaps the

largest challenge with SVI data is its temporal instability. Updates to these image datasets
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at specific locations are infrequent, especially in rural areas [41, 198, 203]. Additionally, im-

ages frequently are not collected at a consistent time of day, or season, even within the same

city. These issues make existing SVI data unreliable for temporal studies.

Typically, temporal studies involving image data use images (or video) from fixed lo-

cations. This data is used to do things such as evaluate disaster recovery [27], monitor

ecological change [52], or measure urban flooding [83]. Data from fixed cameras is also used

to count people [216]. The challenge with these methods is that they are fixed-location. In

order to collect spatial image data for these methods, frequently a large team is required

to traverse areas on foot. This challenge, along with existing SVI data’s temporal issues,

demonstrate the potential value of collecting longitudinal SVI data.

Our main contribution is demonstrating the feasibility of collecting longitudinal SVI data.

We demonstrate this through the creation of a complete data pipeline for conducting pedes-

trian counts using car-based street-level imagery. The pipeline accepts raw video collected by

the camera as an input and outputs a record of each pedestrian detection and their locations

(latitude and longitude). This approach allows for analysis of mobility patterns with high

spatial resolution and a short lag time. It alleviates the quality and field of view inconsisten-

cies that come with crowdsourcing SVI data [111,123], generates data that is not corporately

owned, eliminates the temporal instability challenge of both kinds of data [41,198,203], while

still maintaining the advantages of SVI data over fixed-location methods [27].

Specifically, we use this pipeline to generate and analyze video from 37 video-collection

runs in the city of Seattle, Washington, USA from May 2020 through July 2023. The video

data was converted into over 4 million high-resolution images, with each data-collection run

representing about 1.5 TB of image data. We used the images to create a record containing

the location of each detected pedestrian, cross-referenced to the relevant GEOID [26]. To

detect pedestrians in the still images, our pipeline leverages the state-of-the-art convolutional

neural network, Pedestron [85]. We used the cascade hrnet architecture benchmarked on

the CrowdHuman data set [190]. Our methods and dataset represent a first of its kind

longitudinal collection and application of SVI data for research purposes.
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As a secondary contribution, we provide a case study based on the video data collected

throughout the COVID-19 pandemic. We examine the effect of vaccine availability and local

demographics on pedestrian detections, while accounting for weekly and yearly seasonality.

Community mobility became a key metric during the height of the COVID-19 pandemic as

government officials worked to halt the spread of the virus [94, 186], and is also a common

metric for disaster research [91]. Two of the largest and most widely used data sets for

community mobility during this time were the Google Community Mobility Reports [2] and

Apple Mobility Trends Reports [1]. Researchers used this data to study the incidence of

COVID-19 in the US [167] and the effectiveness of government lockdown policies [98, 118],

among other topics. Issues with these two data sets include mandatory opt-in, use of specific

map applications, a lack of independent verification, and no long-term data availability

guarantees [68, 98, 167, 222]. Our findings demonstrate the utility of our data processing

pipeline as an alternative for tracking community mobility over time and show the potential

for its use in a variety of research domains.

3.2 Methods

3.2.1 Data Collection

We collected our data as a part of the Seattle street-level imagery campaign, an ongoing

series of video surveys for the purposes of documenting mobility throughout the COVID-19

pandemic. During each survey, a vehicle equipped with a 360◦ video camera is driven along

a pre-defined route through Seattle while collecting video data and GPS metadata. The

route incorporates broad neighborhood/area canvassing designed to collect data useful to

multidisciplinary researchers as well as capital transects. Full details on the route design are

available in Errett et al. [65]. The capital transects specifically target capitals (social, cul-

tural, built, economic, and public health) which are theorized to be closely tied to community

resilience [131]. Specific canvassing areas and capitals within Seattle were chosen to ensure

a representative sample of the overall population of Seattle [65]. While the drivers try to
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make the surveys as consistent as possible, occasionally exogenous factors caused deviations

from standard protocols. For example, during three of the surveys (05-29-2020, 06-18-2020,

and 06-26-2020), protests over the murder of George Floyd caused parts of the survey route

to be unnavigable.

After consulting with the University of Washington Human Subjects Division, it was

determined that this study was not considered human subjects research and would not require

IRB approval. The data we captured was people in public places, where they cannot expect

personal privacy. As an added precaution, all data for this study was published through

Mapillary [124], which automatically obscures faces.

3.2.2 Data Processing Pipeline

After video collection, the raw data is segmented into image data. The images are sub-

sampled from video frames so that they are collected about every 4 meters. The images are

then uploaded into the DesignSafe-CI Data Depot [176]. From DesignSafe, the images are

transferred to the TACC Frontera high-performance computing cluster [201]. We completed

all file transfers between the two services using Globus [38]. Without access to these services,

or similar ones, the storage and computing requirements for this project would be intractable.

On Frontera, orthorectification is performed to the images, then pedestrian detection is

performed on the orthorectified images. The orthorectification transforms the images from

a single image in the equirectangular projection to two images in the rectilinear (gnomonic)

projection [229]. Pedestrians are detected on each of the new images using a convolutional

neural network (CNN) based on a pre-trained model from the Pedestron repository [85]. Our

data represents a highly challenging detection task, as there is great variation in lighting,

backgrounds, human poses, levels of occlusion and crowd density from image to image and

run to run. The Cascade Mask R-CNN architecture in the Pedestron repository performed

well on the CrowdHuman data set, representing a similar challenge to our data [190]. All

testing and use of the CNN was performed using GPUs on the Frontera cluster. An example

image after undergoing orthorectification and pedestrian detection is shown in Fig 3.1.
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Figure 3.1: Sample images from the pedestrian detection data pipeline. The left image is

an original 360◦ image from a data collection run. The image on the right is the right-hand

side of the original image after orthorectification and pedestrian detection (both sides of

the image are processed separately). There are two pedestrians that were detected by the

algorithm (in red bounding boxes).

Using one GPU node on Frontera, with four NVIDIA Quadro RTX 5000 GPUs, the

entire process takes about 3 seconds per original 360◦ image. Given the 4 million images we

collected, this takes about 3,300 hours of computing time. While this is not a small number,

when running in parallel, the whole process can be completed in a manner of days. In

comparison, a human taking 10s per orthorectified image to count all the pedestrians would

take over 22,000 hours to complete the same task. File compression/decompression for file

transfer also takes a substantial amount of time. Since we used DesignSafe as our main data

storage platform, we had to transfer files to/from the Frontera supercomputer to perform

our pedestrian detection. To avoid overloading the file transfer system, we compressed the

images from each run into a tar file prior to transferring the files to Frontera. This file

compression/decompression can take several hours per run, but can be performed in parallel

with the detection algorithm since they are on different systems. After compression, file

transfer using Globus [38] takes minutes.

In post-processing, the pipeline filters out low-confidence detections (defined as any detec-

tion with less than 80% confidence) and associates the remaining high-confidence detections
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to U.S. Cenus Bureau GEOIDs [26]. We arrived at this confidence level after tuning for the

precision and recall of the CNN classifier. Specifically, the pipeline filters based on the output

of the second to last layer of the CNN, known as a softmax layer. For a k−class classification

problem, the softmax layer will output a k−dimensional probability vector, where each ith

entry of the vector gives the probability that the original input to the CNN belongs to class

i.

The final stage of post-processing is GEOID matching, where latitude and longitude

metadata are cross-referenced to disjoint geographic regions (e.g. U.S. census tracts or

block groups) and their respective GEOID codes. The cross-referencing code assumes the

availability of shapefiles describing the geometry of the geographic regions. Aggregating

the pedestrian detections according to U.S. Census Bureau GEOIDs [26] is necessary for

analyses using sociodemographic data collected by the census. Additionally, the pedestrian

detections can easily be cross-referenced with custom geometry defined using popular geo-

graphic information system software, such as the capitals data used in route construction

and our analysis.

Following the GEOID matching step, the pedestrian detections data is written to a

tabular format file (e.g. comma separated values). This file is an “analysis-ready” data

product, in the sense that it is readable by most popular statistical analysis software (R,

SPSS, Stata, etc.) and can be easily merged with other datasets using the GEOID column(s).

A visual depiction of the entire pipeline is seen in Fig 3.2. Full code and a manual for following

our process is available at https://github.com/marte292/rapid-data-pipeline.

3.2.3 Case Study: Community Mobility in Seattle during the COVID-19 Pandemic

Data Processing

All analysis is performed using the Python programming language version 3.11 [215]. The

initial data product as outlined in the previous section is a list of detections, alongside the

date of collection, geolocation, and GEOID. We also utilized a similar list of the images

https://github.com/marte292/rapid-data-pipeline
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Figure 3.2: Flowchart of the data processing pipeline. The parts of the flowchart in gray

occur on NHERI DesignSafe-CI, while the right-hand part in blue is done on the Frontera

cluster.

themselves with the same features. The last dataset we utilized is the median household

income data and racial demographic data from the 2019 American Community Survey (ACS)

5-year estimates. We aggregated the detections and image data for each data collection

survey at the census tract level, then matched each census tract’s total number of detections

and images to its respective demographic and income data.

We utilized the data from 36 of the 37 surveys, omitting data from 10-29-2020. A heavy

rain event caused the survey to be stopped early due to poor video quality. For each survey,

we divided the number of detections in each census tract by the number of images collected

in the tract to create a normalized ‘detections per image’ metric. This is a necessary step

as the number of images in each tract may change survey to survey due to circumstances



47

outside our control, such as construction or community events altering the route.

The last step in data processing was to transform some of our data to be represented

by categorical variables. The date of each survey was coded both as either a weekend or

weekday, and by the season. The date was also coded as either being before, or after the date

that vaccines became publicly available. Income data was coded to be one of 5 levels that

were used during route design. These brackets were $48,274 and below, $48,275 to $80,819,

$80,820, to $110,536, $110,537 to $153,500, and $153,501 and above. Lastly, the proportion of

the census tract’s population that identifies as non-white was coded as an indicator variable,

with ’1’ corresponding to areas that are 55.5% white or more. We determined this threshold

using Jenk’s natural breaks optimization. This left us with a dataset of 3171 observations

to be used for analysis. Each observation represented a census tract with a detections per

image value, as well as values for each of the categorical variables defined above.

Initial Regression Analysis

Using the processed data, we conducted a regression analysis to understand the relationships

between predictors of interest and pedestrian traffic. Based on the known literature, we

hypothesized that season, day of the week, COVID-19 vaccine availability, income level,

and demographics all would have an impact on pedestrian traffic. We implemented a linear

regression model to identify which of these factors are identified as statistically significant

(α = .05). We chose this modeling approach for its simple interpretability, as our modeling

goal is to describe. The regression model is detailed below:

Y = β0 + β1 × Ivaccine + β2..4 × Cseason + β5 × Iweekend

+β6..9 × Cincomelevel + β10 × Idemographicindicator + ϵ,
(3.1)

where Y is the detections per image for a date/census tract combination; Ivaccine is an

indicator for if the vaccine was available on that date; Cseason is a categorical variable with

3 levels for summer, winter, and spring; Iweekend is an indicator for if it is the weekend or

not; Cincomelevel is a categorical variable with 4 levels for the 4 income brackets above the
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lowest bracket; Idemographicindicator is an indicator variable for if the population is 55.5% white

or more. β0 is the baseline detections per image on a weekday, not in the summer, with the

vaccine unavailable, in a census tract at the lowest income level and a population less than

55.5% white. β1 represents the change in detections per image from the vaccine becoming

available, and β2..4 represent the change for different seasons. β5 represents the change from

a weekday to the weekend, and β6..9 represent the change to other income brackets. Lastly,

β10 represents the change in detections per image to from an area that is less than 55.5%

white to an area that is more.

In addition to the above analysis, we subset the data by only looking at detections that

occurred in an image with at least one other detection. Then we calculated detections per

image again, and fit the above model again with the new response variable. This same

process was followed for detections with at least two, three, and four other detections in the

same image. The goal of these analyses was to see if there were different trends for larger

groups of people when compared with the entire data set.

3.3 Results

3.3.1 Data pipeline

Our main contribution, the open-source data pipeline, is publicly available on https://

github.com/marte292/rapid-data-pipeline. The repository contains a process manual

with step-by-step instructions on how to implement the data pipeline in Python [215]. The

required Python libraries and system requirements are provided. Additionally, we provide

enough code for future researchers to implement the pipeline on their own systems, with

their own file structure. The pipeline is capable of processing terabytes of image data and

outputting an analysis-ready data product in a matter of days (using high-performance com-

puting, such as a single GPU node on Frontera, an academic supercomputer) with minimal

human input.

https://github.com/marte292/rapid-data-pipeline
https://github.com/marte292/rapid-data-pipeline
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3.3.2 Case study

Using data from the Seattle street-level imagery campaign, we calculated the number of

detections per image across all data collection surveys. Fig 3.3 shows the detections per

image for each survey, as well as the detections per image for the subset of detections sharing

an image with at least 4 others. Fig 3.3 also displays the timestamp of COVID-19 vaccines

becoming publicly available in Washington state.

Figure 3.3: Time series data of the total detections per image (solid blue line, left axis), and

detections per image for the subset of detections sharing an image with at least 4 others

(orange dashed line, right axis). As the survey dates are irregular, all dates are included in

the figure. Please note that the axis for total detections per image does not start at 0. This

was done purposefully to facilitate comparison between the trends of the two graphs.

Fig 3.3 depicts the trends over time for detections per image and detections sharing an

image with at least 4 others. While both graphs exhibit similar trends overall, notably after
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vaccine rollout the graph of detections sharing an image with at least 4 others exceeds the

graph of detections per image in all cases. The spike in detections seen in June 2020 is due

to the large scale protests of police brutality that took place in Seattle in the aftermath of

George Floyd’s murder.

The full results of the linear regression model for total detections per image are displayed

in Table 3.1. They show that the season being summer is the only significant seasonal effect.

Additionally, the income bracket is a significant predictor, with wealthier areas seeing less

pedestrian traffic. Finally, a census tract having a population greater than 55.5% white

is a significant positive predictor. All other variables are not significant, including vaccine

availability.

For the regression models using a subset of data, the results are similar to the initial

model. All models have the same significant predictors as the initial model. The model using

the detections sharing an image with at least one other also had the weekend as a borderline

significant, negative predictor. The models using detections sharing an image with at least

3 and 4 others had vaccine availability as a significant, positive predictor. The full results of

the linear regression model for detections per image with at least 4 others are displayed in

Table 3.2, with all other regression models available in the supporting information.

3.4 Discussion

3.4.1 Comparison to Google Community Mobility Data

Given the ability to measure community mobility through pedestrian counts, there is po-

tential value of our pipeline for social sciences and public health research [94, 186]. At an

individual level, higher physical activity is known to predict better physical [8, 170] and

mental health [171, 214, 234], and is associated with higher self-reported satisfaction and

quality of life [14, 145]. In an aggregate sense, mobility is theorized to be an interme-

diate variable through which socioeconomic deprivation affects vulnerability to infectious

disease [162, 233], resilience to disasters [92], and exposure to environmental hazards [110].
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Dep. Variable: Detections per Image R-squared: 0.086

Model: OLS Adj. R-squared: 0.083

Method: Least Squares F-statistic: 29.71

No. Observations: 3171 Prob (F-statistic): 3.20e-55

Df Residuals: 3160 Log-Likelihood: -4456.8

Df Model: 10

Covariance Type: nonrobust

coef std err t P> |t| [0.025 0.975]

Intercept 1.1242 0.075 14.914 0.000 0.976 1.272

Spring 0.0783 0.053 1.471 0.141 -0.026 0.183

Summer 0.2527 0.055 4.599 0.000 0.145 0.360

Winter -0.0046 0.058 -0.079 0.937 -0.118 0.109

Vaccine Available 0.0061 0.036 0.172 0.863 -0.064 0.076

Weekend -0.0775 0.052 -1.483 0.138 -0.180 0.025

Income Bracket 2 -0.4689 0.081 -5.795 0.000 -0.628 -0.310

Income Bracket 3 -0.8688 0.079 -11.041 0.000 -1.023 -0.714

Income Bracket 4 -0.9938 0.086 -11.540 0.000 -1.163 -0.825

Income Bracket 5 -1.3752 0.116 -11.893 0.000 -1.602 -1.148

More than 55.5% White 0.6416 0.054 11.820 0.000 0.535 0.748

Table 3.1: OLS Regression Results for Detections per Image. The first three non-intercept

terms represent indicator variables for the different seasons, with fall being the baseline.

The Vaccine Available term represents a binary variable for whether the COVID-19 initial

vaccination series was publicly available or not. Weekend is a binary variable for whether

the data was collected on Saturday or Sunday. The four Income Bracket terms are indicator

variables for the median income level of the census tract where the data was collected. The

income brackets are defined in our methods. Lastly, the More than 55.5% White term is an

indicator variable for if the census tract in question had a populace that is more than 55.5%

White. Full documentation for the Python package used to make this output is available

from the developers [188].
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Dep. Variable: Five Or More Peds per Image R-squared: 0.059

Model: OLS Adj. R-squared: 0.056

Method: Least Squares F-statistic: 19.78

No. Observations: 3171 Prob (F-statistic): 7.09e-36

Df Residuals: 3160 Log-Likelihood: 4286.3

Df Model: 10

Covariance Type: nonrobust

coef std err t P> |t| [0.025 0.975]

Intercept 0.0393 0.005 8.213 0.000 0.030 0.049

Spring 0.0006 0.003 0.180 0.857 -0.006 0.007

Summer 0.0100 0.003 2.870 0.004 0.003 0.017

Winter -0.0039 0.004 -1.057 0.291 -0.011 0.003

Vaccine Available 0.0093 0.002 4.109 0.000 0.005 0.014

Weekend 0.0009 0.003 0.270 0.787 -0.006 0.007

Income Bracket 2 -0.0289 0.005 -5.626 0.000 -0.039 -0.019

Income Bracket 3 -0.0468 0.005 -9.373 0.000 -0.057 -0.037

Income Bracket 4 -0.0541 0.005 -9.889 0.000 -0.065 -0.043

Income Bracket 5 -0.0688 0.007 -9.376 0.000 -0.083 -0.054

More than 55.5% White 0.0309 0.003 8.960 0.000 0.024 0.038

Table 3.2: OLS Regression Results for Detections per Image for the detections subset sharing

an image with at least 4 others. Coefficients are defined the same as in Table 3.1.
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In light of this body of literature, we argue that the use of pedestrian counts to assess

mobility could be a differentiating factor in researching social and health inequity. One ex-

tremely common source of mobility data during the COVID-19 Pandemic has been Google

Community Mobility Reports [2] and Apple Mobility Trends Reports [1]. While there have

been improvements in recent years [202], there are known representation and self-selection

biases with existing mobility data captured by smartphones and other internet-based data

collection methods [4, 99,117,136,182].

Given the large number of publications using smartphone data as the foundation for their

work, a natural question is how our data compares to smartphone mobility data. Comparison

between our data set and the still publicly available Google Community Mobility Reports

data can reveal some of the similarities and differences between the two data sets [2]. Google

Community Mobility data is reported at the county level in the United States. Since Seattle

is in King County, Washington, the King County data is what we use to draw the comparison.

Google Community Mobility data does not provide raw mobility numbers, but rather is

reported as a percentage change from the five-week period of Jan 5–Feb 6, 2020. This data

is collected from smartphones running the Android operating system with location history

turned on, which is off by default. The data is baselined by day of the week, so data from

a given Monday is compared to the median of the five Mondays in the baseline window to

calculate a percent change. Additionally, it is unclear how exactly Google quantifies mobility.

It is mentioned that it combines number of visitors to a location with amount of time spent

in that location, but no specifics beyond that are provided.

Google mobility data is broken down into different categories. The category that most

closely aligns with one of the categories used in our analysis is parks. Although Google’s data

classifies parks as official national parks and not the general outdoors, it does not indicate

how it accounts for city or state parks. Our own data for park locations is based on the City

of Seattle’s official classifications.

Fig 3.4 shows a comparison of our detections per image data against Google Community

Mobility data. Note that not all surveys are included because Google Community Mobility
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data stopped being provided on October 15, 2022. Overall, the trends between the two

data sets are remarkably similar, lending further credibility to our data collection procedure.

The more notable differences in the graph are from the months of November 2020 through

August 2021, where the Google mobility data shows a larger drop followed by an increase in

community mobility than was visible through our own data.

Figure 3.4: A depiction of our own detections per image data (blue, dashed; right axis)

against Google Community Mobility data (orange, solid; left axis). The Pearson correlation

between the two data sets is 0.387. The Google Community mobility data is aggregated at

King County, WA, while our data covers a survey route within Seattle, which belongs to

King County. As the dates of surveys were irregular (e.g., due to weather conditions), all

dates are included in the figure.

One plausible explanation for this is the upwards sampling bias that occurs when using

smartphone data [19,211]. Our data set captures anyone on the street, including individuals
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experiencing homelessness, who are less likely to have smartphones. This population was on

the streets throughout the entirety of the pandemic, so they were consistently captured by

our data collection efforts. This consistent baseline pedestrian count could lead to a lesser

response to vaccine rollout and winter weather in our own data in comparison with Google’s.

Additionally, there is a known income gap in both vaccination rates and smartphone owner-

ship [12, 31]. This gap could drive the increase in the Google Mobility data during vaccine

rollout.

3.4.2 Implications, Limitations, and Extensions

Our results show that it is possible for researchers to collect and analyze longitudinal SVI

data. The presented methods can be used to collect and process SVI data from 8 hours

worth of video in a manner of days. This time will only further decrease with faster data

processing infrastructure and methods. These methods will allow novel longitudinal SVI

data to be collected for research in a variety of application areas.

The results of the case study also bear further discussion. We demonstrated expected

relationships between seasonal effects like day of week and weather on pedestrian traffic.

Additionally, we showed that pedestrian traffic is inversely proportional to income, a known

result during the COVID-19 pandemic, as lower income households are constrained in their

capacity to work from home or take time off of work [62,222]. Our results also showed that

more white areas had higher on average pedestrian counts. This could be due to known

trends, such as areas with larger non-white populations being more likely to stay home in

response to government restrictions [195] and participate in other risk-reducing practices

such as wearing a mask [87], or just due to local trends, as racial mobility trends tend to

vary between cities [32]. These findings are consistent across all of our models, both looking

at the entire data set, and the subsets examining pedestrians sharing an image. These

results validate our method with respect to established literature, and provide a quantitative

confirmation of results that had previously been found using cell phone data.

One new finding from our case study is that while overall pedestrian counts did not
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respond to vaccine availability, the subset of pedestrians who were in larger groups (4+

people in an image) did. Likely, the reason we did not see a response to the vaccine in

the aggregate data is because our data only captures people who are outdoors. There is

data that shows that outdoor pedestrian activity varied across cities, frequently increasing

at recreation locations like trails, during the early days of the pandemic [55, 106]. Given

these increases at some locations, a return to ’normal’ pedestrian traffic may not mean an

increase, but rather a change in traffic patterns. Our data captures this by showing that

there was a significant increase in larger groups of people after the vaccine became available.

This implies that people were more willing to be near each other outdoors after they had

been vaccinated.

While the data pipeline presented here does represent a method for generating a novel

data product, there are implementation challenges worth further discussion. For data col-

lection, in addition to the time required to drive the route limiting the places of interest

the route could reach, there were also many tradeoffs that had to be made when designing

the route itself [65]. Despite having our survey route carefully designed to assess a repre-

sentative sample of the Seattle population, some bias in route design is unavoidable. Since

the route design included data from the American Community Survey aggregated at the

census tract level, there is an implicit assumption of spatial homogeneity of the population

within each census tract. Such bias is a manifestation of the well-known modifiable areal unit

problem [69]. Since the majority of the route was primarily based on locations of interest

throughout the city, this concern is somewhat mitigated.

In terms of processing, the pre-trained model we used required a substantial amount of

high-performance computing time, and at times the data product generated was so large as

to be unwieldy. Given the challenge our data set represents, using a model designed to be

generalizeable is necessary to attain good detection results. As many state-of-the-art models

perform substantially worse out of sample, we had to be careful to choose a model that

was designed to perform well in this situation, at the cost of slower computing times [84].

Another unforeseen challenge was regular updates to the video camera’s software to process
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and segment the video data into images. Consistent image formatting was vital for the data

processing pipeline to function, so regular quality checks are necessary to make sure the

images are processed properly.

The data product created, pedestrian detections, has some limitations as well. First, our

method only captures pedestrians who are outdoors and near enough to the street to be

captured via camera. This means that our data set does not include people who are indoors

at these locations of interest, or who are too far from the street to be seen by camera. While

the changes over time in pedestrian traffic we observed are still meaningful, it is important

to recognize they don’t capture everything. Similarly, our data cannot be interpreted as the

actual number of pedestrians on the street. There is overlap in the image data, even when

subset at 4 meter intervals and cropped during orthorectification. The orthorectified images

only represent about 25% of the originals. However, this natural cropping is not enough

to avoid the image overlap and further cropping would risk information loss. Pedestrians

that appear in the foreground of one image may end up in the background of another.

There are also several known instances of cyclists keeping relative pace with the street-

view vehicle for several blocks, resulting in numerous detections. These issues are easy to

circumvent in analysis by comparing the relative number of detections, although at the cost

of interpretability.

Even with the above limitations, the data pipeline presented in this paper can be directly

applied or adapted to be used in a number of contexts. Potential applications of longitudinal

SVI data in assessing the built environment [198], broad urban research [16, 41, 111], and

health research [183] have been well-documented, as the temporal instability of existing

SVI data is discussed as a limitation in all of these fields. Beyond this, it is possible to

estimate population demographics [70], and other neighborhood-level statistics [80,203] using

SVI data. As our ability to quickly and accurately parse scenes using computer vision

improves [54], potential application areas will only increase in number.

Another field where longitudinal SVI data could contribute a lot is disaster research.

There is a substantial body of research dedicated to empirical methods for modeling various
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aspects of disaster recovery [126]. Our methods could be applied in this field to quantify

recovery using pedestrian detections as a metric for community mobility, or another metric

assessing the built environment as appropriate. Similar work has been done using repeat

photography after Hurricane Katrina [27] but our methods represent a substantial increase

in generated data, allowing for a wider range of analyses. Spatial video data collection

for disaster reconnaissance has also been done [47], but involves manual assessment of the

captured video. Our methods demonstrate that a fully-automated approach is possible,

which would allow for more frequent data collection at a lower cost.

3.5 Conclusion

This chapter describes the creation of the first open-source SVI data pipeline for longitudi-

nal analysis. Regression analysis based on the resulting longitudinal SVI data showed that

pedestrian traffic patterns changed in response to the availability of the COVID-19 vaccine,

thereby demonstrating the data pipeline’s usefulness in research and practice. In particular,

we showed that there were statistically significant increases in groups of people in proximity

to each other after the vaccine became publicly available. Our data also captured expected

trends in pedestrian traffic based on annual seasonality and socioeconomic factors. Our re-

sults demonstrate the feasibility and value in collecting SVI data as part of a longitudinal

study. Longitudinal SVI data is capable of providing valuable insights in a variety of fields of

study. Future work includes applications of our methods in broader public health research,

disaster recovery research, and other fields of study that can benefit from longitudinal SVI

data. Potential methodological directions include study-specific route design process im-

provements and newer pedestrian detection approaches, as further progress is made in this

area.
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Chapter 4

OUTDOOR SOCIAL DISTANCING BEHAVIORS CHANGED
DURING A PANDEMIC

4.1 Introduction

In response to the COVID-19 pandemic, national and local governments declared emergencies

and encouraged social distancing and mask wearing to reduce the spread of the virus [129].

Three months after the first confirmed case on U.S. soil in the state of Washington [90],

the United States government declared in March 2020 that gatherings with more than 10

people should be avoided, and strongly encouraged people to work from home if possible.

Additionally, the state of Washington closed schools, sit down restaurants, and entertainment

facilities and issued a statewide stay at home order. The state also required face masks

in public places starting in June 2020. The United States Centers for Disease Control

and Prevention (CDC) recommended a physical distance of at least six feet both indoors

and outdoors to prevent the spread of the virus. During the early days of the pandemic,

some of the largest superspreading events in the US occurred when these recommendations

were violated by large groups of people [49]. The CDC recommendations were not relaxed

until August 2022, although most states officially ‘reopened’ well before then, including

Washington State on June 30, 2021.

While it is known that it is easier for the disease to spread indoors when compared

to outdoors, there are still many examples of outdoor transmission occurring, sometimes

at a large scale [25, 172, 206]. Studies that have attempted to understand how outdoor

transmission occurs and what factors reduce transmission risk showed that there is a strong

risk of outdoor transmission under the right circumstances. Hang et al. [82] studied outdoor

transmission in a street canyon environment and showed that outdoor transmission risk is
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highest in downwind areas. Fan et al. [66] likewise studied outdoor transmission in a street

canyon environment using simulation methods. They recommended an outdoor distance of

4 meters when relative humidity and winds are low. Lastly, Kia et al. [232] studied outdoor

transmission risk on the University of Houston campus, focusing on areas where air is not

quickly ventilated. They showed that there were ‘hot spots’ on campus where air could take

as long as 1,000 seconds to ventilate. Given the risk of outdoor transmission, it is useful to

understand the public’s outdoor social distancing behaviors during the pandemic. Outdoor

social distancing behaviors can serve as a proxy metric for recovery from COVID-19 and

allow disaster researchers insight into key moments in the recovery timeline.

There are many studies that analyze community mobility and congregating behaviors us-

ing mobile phone data or self-reported survey data [73,81,129,140,194,222]. One finding from

these studies is that pedestrians were less likely to strictly follow COVID-19 risk-reducing

behaviors, including avoiding congregating after getting vaccinated [93, 194]. Another is

that there are gaps in social distancing behaviors between different socioeconomic and racial

groups [222]. While the findings of the above studies are extremely useful for understanding

people’s congregating behaviors, there is a gap in understanding how people are adhering

to interpersonal distance recommendations. Instead of measuring physical distances, these

studies typically use foot traffic at specific locations of interest, and survey responses on

social distancing behaviors as measures of adherence. Additionally, while efforts are made

to avoid it, there are known representation issues associated with mobility data captured by

cell phones [117, 182], and sampling bias associated with surveys. Lastly, these studies do

not specifically track outdoor pedestrian behavior, but rather are focused on more general

social distancing behaviors. This leaves a knowledge gap for understanding how the public

practiced social distancing while outdoors.

In this study, the large-scale, longitudinal data set of street-view imagery captured in the

city of Seattle, as part of the study described in Martell et al. [127], is used to track trends

in social distancing over time. Physical distance between pedestrians is estimated using an

algorithmic approach [184]. The end result of this process is a set of images, with the pedes-
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trians identified, and the distances between them estimated, as seen in Fig 4.1, allowing for

an empirical analysis of social distancing behaviors. The data set used in this study extends

from May 2020 to July 2023, and can be used to track overall trends in community mobility

in addition to social distancing using the estimated distances generated from the street view

imagery. Our main contribution is a first of its kind method for empirically studying lon-

gitudinal outdoor social distancing behaviors. Given that different communities within the

same geographic area can recovery differently from disaster events [7], the geospatial nature

of our data, allowing for subsets of the data at specific locations of interest to be studied, is

quite valuable. We can compare different geographic areas such as census tracts to under-

stand the different drivers of social distancing behaviors. Secondary contributions include

empirical confirmation of results from qualitative studies on social distancing behaviors, and

additional perspective on COVID-19 related inequities in the US.

Figure 4.1: Sample output of the pedestrian detection and social distance estimation algo-

rithm. There are 2 pedestrians, with an estimated 14.38 ft between them. Additional sample

images are available in the supplementary material.
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4.2 Methods

This section describes the methods used, including data collection, hypothesis generation,

and statistical methods. The original data set in this work is featured in Martell et al. [127].

We do not describe the process for the generation of that data set here, but rather focus on

the new features we added, most notably the physical distance estimates.

4.2.1 Data Description and Processing

The primary data set utilized in this study is the longitudinal street view image data set

from Martell et al. [127]. The data set consists of 37 street-view surveys of the city of

Seattle, beginning in May 2020 and ending in July 2023 (typically 2–4 weeks apart, as shown

in Fig 4.2). There are over four million time-stamped, location-tagged images across the

37 surveys. 36 of the 37 data collection surveys were used in this study, as a heavy rain

event caused a survey to be stopped early on 10-29-2020. The route design is featured in

Errett et al. [65]. As described in Martell et al. [127], we created a data pipeline that took

the 360-degree street view images and identified pedestrians in them using the Pedestron

algorithm [85]. The output of this pipeline was a set of bounding boxes (each of which

is a set of 4 coordinates surrounding a pedestrian, as seen in Fig 4.1) including additional

metadata such as latitude, longitude, GEOID [26] of the census tract where the image was

captured, various demographic data related to that census tract from the 2019 American

Community Survey. Other data features include day of the week, and season of the year,

both directly derived from the image timestamp. After consulting with the University of

Washington Human Subjects Division, it was determined that this study was not considered

human subjects research and would not require IRB approval. The data we captured was

people in public places, where they cannot expect personal privacy. As an added precaution,

all data for this study was published through Mapillary, which automatically obscures faces.

In addition to the data pipeline outputs, this study makes use of publicly available ge-

olocation data on community capital transects from the city of Seattle. These capitals are
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Figure 4.2: Summary data from the outdoor social distancing analysis. The blue line rep-

resents the number of distances under 9 ft per image. For example, 1.0 means that there is

one pair of pedestrians on average per image, whose distance is under 9 ft.

theorized to be closely tied to community resilience [131] and were used in the design of

the data collection survey route. The capitals examined in this study are parks, schools,

faith-based organizations, museums, hospitals, medical clinics, and transit stops. Data for

these capitals are publicly available through King County GIS Data Hub [105], Washington

State Department of Health [220], the City of Seattle [42], and the Association of Religion

Data Archives [180]. These locations were chosen to provide coverage over natural, cultural,

and built capitals [63], and to provide a view into patterns at public health infrastructure.

We further processed the data by calculating distances between detected bounding boxes.

We used the technique of Salazar [184] to obtain estimates of distances between bounding

boxes, even in a 2D image. This technique is based on geometric properties and utilizes the
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Pythagorean Theorem to estimate distances. Salazar achieved a Root Mean Square Error

(RMSE) of 1.13 ft using this method. Applying this method to our data resulted in almost 5

million distance calculations. Lastly, we subset the distances to look at only those estimated

by the algorithm to be under 9 ft in length. We decided on this subset as a conservative

estimate, using the six feet apart guideline provided by the US CDC and the 1.13 ft RMSE of

the distance calculation algorithm [184]. With this RMSE, we can be confident that anything

measured as 9 ft or greater by the algorithm is at least 6 ft apart in reality.

After we calculated the distances, we paired the distances with various capitals based

on geolocation. A distance is assumed to be at a given capital if it is within 200-ft of the

shapefile footprint of that capital. The one exception to this is transit stops, which we only

allowed for a 15-ft distance as pedestrians usually wait very near to, or inside of transit

stops, and these structures (particularly transit stops) have much smaller footprints when

compared to the other analyzed capitals. The last step in data preparation was to normalize

the distances counts by the number of images captured in a given census tract. While the

survey route was the same from run to run, the exact number of images captured at a given

location may not be, so normalizing the number of distances per image for each survey run

can help alleviate this inconsistency.

4.2.2 Exploratory Data Analysis and Initial Hypotheses

Before generating hypotheses about social distancing behaviors, we conducted an exploratory

data analysis to better understand trends in the data set and formulate hypotheses about

possible predictors of social distancing metrics. Fig 4.2 was a key input into our initial

hypotheses. First, we noticed that the number of distances under 9 ft increases sharply

in April 2021 and stays high over the rest of the surveys. This corresponds with when

the initial COVID-19 vaccine became publicly available for all over the age of 16 in the

state of Washington. While it is not strongly visible, we also expected there likely will be

some seasonality present in the data, particularly an increase in traffic during the summer

months. Lastly, while not easily visible in the figure, we expected there will be a relationship
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between the day of the week and community mobility. Beyond what we could glean from

the graph, there are known inequities in how the COVID-19 pandemic affected different

racial groups and people of different income levels [189]. To understand how these inequities

might manifest themselves in the outdoor social distancing setting, we formulated the below

hypotheses:

1. The number of distances under 9 ft per image will increase after the vaccine became

publicly available.

2. The number of distances under 9 ft per image will be higher in the summer months.

3. The number of distances under 9 ft per image will be higher on the weekends.

4. Higher income areas will have a lower number of distances under 9 ft per image.

5. Areas with a larger population of people identifying as white will have a lower number

of distances under 9 ft per image.

4.2.3 Regression Analyses

Based on the above hypotheses, we developed the following regression model to identify

which factors are statistically significant (α = .05):

Y = β0 + β1 × Ivaccine + β2 × Cseason + β3 × Iweekend

+β4 × Cincomelevel + β5 × Idemographicindicator + ϵ,
(4.1)

where Y is the number of distances under 9 ft per image for each date/census tract com-

bination; Ivaccine is an indicator for if the vaccine was available on that date; Cseason is an

indicator variable for if it is summer or not; Iweekend is an indicator for if it is the weekend

or not; Cincomelevel is an indicator variable for if a given census tract has a median income

above $80,820; Idemographicindicator is an indicator variable for if the population is 55.5% white

or more. The $80,820 and 55.5% breakpoints were chosen based on Jenk’s natural breaks
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optimization. β0 is the baseline number of distances per image on a weekday, not in the

summer, with the vaccine unavailable, in a census tract with income below $80,820 and a

population less than 55.5% white. β1 represents the change in the number of distances per

image from the vaccine becoming available, and β2 represents the change for it being the

summer. β3 represents the change from a weekday to the weekend, and β4 represents the

change to the higher income bracket. Lastly, β5 represents the change from an area that is

less than 55.5% white to an area that is more.

We utilized this model on the entire data set, as well as data subsets located at the

various community capitals of interest. We hypothesized that different community capitals

would have different significant predictors. As an example, traffic around schools is likely

to decrease in the summers rather than increase like we expected to see in the data set

at large. We also developed a similar model for the proportion of the distances under 9

ft. While this model does violate the linearity assumption of a linear regression model, the

predicted outputs are all well within the 0–1 bounds of a proportion. We use a simple form

of regression modeling because we are interested in inference rather than prediction. The

only other change from the above model is that the regression coefficients are interpreted as

changes in predicted proportion, rather than number of distances per image.

In addition to the above regression models, we examined the baseline trends in social

distancing patterns at different capital locations. We did this by first calculating the overall

proportion of distances under 9 ft for the entire data set and at each community capital. Then

we compared the proportions at each capital to the overall proportion using a difference in

proportions test. This allowed us to have a baseline understanding of the differences between

the community capitals.
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4.3 Results

4.3.1 Distances Under 9 ft Per Image

The regression analysis results for the number of distances under 9 ft per image across the

entire data set are displayed in Table 4.1. Vaccine availability, whether it was the weekend or

not, it being summer or not, and proportion of the population that identified as white were

all significant, positive predictors. Income level was a significant, negative predictor. These

results align with our hypotheses about the vaccine, summer, weekend, and income effects.

The effect of having a higher proportion of people identifying as white was the opposite of our

hypothesis. Results for individual capitals are summarized in Table 4.2, with full regression

outputs in the supplemental material.

There were a few notable results from the regression analyses at community capitals. One

immediately noticeable result from Table 4.2 was that vaccine availability was significant in

all models, except at hospitals. In fact, hospitals did not have any significant predictors at

all. Museums were the only capital to have a significant, positive income effect. Schools

had a significant, negative effect from it being summer, and faith-based organizations had

comparably sized vaccine and weekend effects. Lastly, when compared to the other capitals,

museums had substantially larger coefficients for vaccine availability, the weekend effect, and

the income effect.

4.3.2 Proportion of Distances under 9 ft

To obtain the proportion of distances less than 9 ft, we simply calculated the ratio between

the number of distances under 9 ft, and the total number of distances. For the regression

analysis, we subset the data at the survey and census tract levels first, then calculated the

proportions. The proportion of distances less than 9 ft across the entire data set is 0.264. We

then performed the same procedure for only distances at each specific capital and compared

them to the total using a difference in proportions test. The results are displayed in Table

4.3
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Dep. Variable: Distances Under 9 ft Per Image R-squared: 0.036

Model: OLS Adj. R-squared: 0.034

Method: Least Squares F-statistic: 23.53

No. Observations: 3171 Prob (F-statistic): 2.69e-23

Df Residuals: 3165 Log-Likelihood: -3306.3

Df Model: 5

Covariance Type: nonrobust

coef std err t P> |t| [0.025 0.975]

Intercept 0.1753 0.032 5.405 0.000 0.112 0.239

Summer 0.0540 0.027 1.968 0.049 0.000 0.108

Vaccine Available 0.1686 0.025 6.824 0.000 0.120 0.217

Weekend 0.1000 0.036 2.807 0.005 0.030 0.170

Income Above $80,820 -0.1969 0.029 -6.797 0.000 -0.254 -0.140

More than 55.5% White 0.1925 0.032 5.937 0.000 0.129 0.256

Table 4.1: OLS Regression Results - Distances under 9 ft per Image. Please note that as

there is some overlap that occurs between images, the coefficients here can only be interpreted

relative to each other. Stating that the vaccine effect is 3 times as great as the summer effect

in the same direction is useful, but the absolute interpretation of these coefficients’ sizes

is not. Full documentation for the Python package used to make this tabular output is

available from the developers [188].
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Capital Intercept Summer Vaccine Available Weekend Income Above $80,820 More than 55% White

Transit Stops 0.0313*** 0.0113 0.0262*** 0.0045 -0.0261** 0.0077

Parks 0.0216 0.0007 0.0478*** 0.0248 0.0043 0.0430**

Schools 0.0024 -0.0149* 0.0214** -0.0126 0.0152 0.0093

Hospitals -0.0002 0.0063 -0.0014 -0.0045 0.0048 0.0160

Medical Clinics 0.0940*** 0.0029 0.0606** 0.0101 -0.1342*** 0.0606**

Faith-Based Organizations 0.0270** 0.0189* 0.0286*** 0.0257** -0.0276*** 0.0188*

Museums -0.0249 0.0253 0.1094*** 0.1075** 0.1915*** -0.0331

Table 4.2: OLS Regression Results - Distances under 9 ft per Image - Summary of Capitals

Analysis. The numbers reported are the regression coefficients. Significance level: 0.05*,

0.01**, or <0.001***.

Capital Proportion p-value

Transit Stops 0.271 <.00001

Parks 0.256 <.00001

Schools 0.228 <.00001

Hospitals 0.279 <.00001

Medical Clinics 0.264 0.90242

Faith-Based Organizations 0.285 <.00001

Museums 0.261 .014509

Table 4.3: Difference-in-proportions test results for the proportion of distances under 9 ft

at each capital, when compared to 0.264, the proportion of distances under 9 ft across the

entire data set.
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Dep. Variable: Proportion of Distances Under 9 ft R-squared: 0.047

Model: OLS Adj. R-squared: 0.046

Method: Least Squares F-statistic: 31.24

No. Observations: 3171 Prob (F-statistic): 3.81e-31

Df Residuals: 3165 Log-Likelihood: 848.19

Df Model: 5

Covariance Type: nonrobust

coef std err t P> |t| [0.025 0.975]

Intercept 0.3168 0.009 36.197 0.000 0.300 0.334

Summer -0.0287 0.007 -3.882 0.000 -0.043 -0.014

Vaccine Available 0.0388 0.007 5.816 0.000 0.026 0.052

Weekend 0.0258 0.010 2.684 0.007 0.007 0.045

Income Above $80,820 0.0786 0.008 10.057 0.000 0.063 0.094

More than 55.5% White -0.0120 0.009 -1.368 0.171 -0.029 0.005

Table 4.4: OLS Regression Results - Proportion of Distances Under 9 ft. The coefficients

here can be directly interpreted as the relative change in the proportion of distances under

9 ft when a given predictor changes from 0 to 1.

The regression analysis results for the proportion of distances under 9 ft across the entire

data set are displayed in Table 4.4. Vaccine availability, whether it was the weekend or not,

and income level were all significant, positive predictors. It being summer was a significant,

negative predictor. Results for individual capitals are summarized in Table 4.5, with full

regression outputs in the supplemental material.

A notable trend from the community capitals regressions is how the weekend effect being

significant in 4 different models, with a larger regression coefficient than the vaccine effect.
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Capital Intercept Summer Vaccine Available Weekend Income Above $80,820 More than 55% White

Transit Stops 0.2890*** -0.0355 0.0495** 0.0291 0.0449* 0.0199

Parks 0.3452*** -0.0105 0.0280* 0.0412* 0.0327* -0.0309

Schools 0.4857*** -0.0312 -0.0144 0.0873* 0.0467 -0.0329

Hospitals 0.3317*** -0.0435 0.0713* 0.1386** 0.0313 -0.0927

Medical Clinics 0.2834*** -0.0358 0.0202 0.0636* 0.0343 0.0202

Faith-Based Organizations 0.3258*** -0.0171 0.0311* 0.0290 0.0436** -0.0006

Museums 0.3155*** -0.0115 0.0528 0.0199 -0.0187 0.0197

Table 4.5: OLS Regression Results - Proportion of Distances under 9 ft - Summary of

Capitals Analysis. The numbers reported are the regression coefficients. Significance level:

0.05*, 0.01**, or <0.001***.

Demographic variables played less of an effect when compared to the regression for number

of distances under 9 ft per image. The income effect was only significant in 3 models, and the

proportion of the population identifying as white was not significant in any of the models.

The vaccine effect was only significant in 4 models, compared to 6 in the number of distances

per image models. In all cases, the effect was still positive when significant.

4.4 Discussion

4.4.1 Implications

Our results represent important knowledge for researchers and policymakers. First, our

approach represents a novel way of understanding outdoor social distancing behaviors. In

particular, there is no other study to our knowledge that examines outdoor social distancing

over time at this scale and level of detail. Our regression analysis shows that across the entire

city of Seattle, vaccine availability drove pedestrian behavior. Across community capitals,

there was an increase in pedestrians being within 9 ft of each other following the public

availability of the vaccine in April 2021. Additionally, the overall proportion of distances

that were 9 ft or less also increased. This suggests that, even outdoors, people were more
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likely to accept the risks of being near one another after the vaccine became available. These

results also confirm findings from other studies that show that people were more likely to be

willing to take risky behaviors such as visiting crowded places and being near others after

being vaccinated [93,194]. This is not the only additional risk people in the Seattle area are

taking as the pandemic has continued, people have been more willing to embrace infection

risk by not getting updated vaccines [104]. Fig 4.3 shows a stark contrast in the number of

people who got the original COVID-19 vaccine series compared to the more recent bivalent

boosters. In general, as time has gone on it appears that people are less concerned about

COVID-19, possibly due to pandemic fatigue [185,226].

Figure 4.3: Cumulative vaccination totals over time in King County, Washington, where

Seattle is the largest city, show diminishing willingness to get vaccines. Data collected from

the King County Department of Public Health [104]

There are known inequities in how COVID-19 affected different communities, including

higher mortality rates and infection rates for historically disadvantaged groups [222]. Across
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income groups, driving factors include the inability to work from home, challenges securing

housing at all, and challenges securing quality healthcare for lower income groups [78]. Our

analysis shows that lower income areas had more pedestrians traveling within 9 ft of each

other, and more pedestrian traffic overall, leading to greater risk of exposure. In contrast,

higher income areas did have a higher proportion of distances less than 9 ft.

While racial demographics were not shown to significantly predict the proportion of

distances under 9 ft, census tracts that had a larger population identifying as white had more

distances under 9 ft per image across the entire data set, and at parks, medical clinics, and

faith-based organizations. This is a somewhat surprising result, as is the higher proportion

of distances under 9 ft in higher income areas, given the known racial disparity in COVID-19

health outcomes in King County (see Fig 4.4) and racial and socioeconomic disparities in

the US as a whole [189]. However, it is also known that communities of color are more likely

to wear a mask, and that the drivers behind higher infection rates and death are systemic

inequities in wealth, income, underlying health conditions, social capital, and lower quality

health care [87, 196, 204]. In this light, it is less surprising that rates of social distancing

adherence across areas with different racial demographics and income levels did not directly

correlate with the divergent health outcomes in those groups.

Lastly, the findings from this chapter show some expected results with regard to weekend

effects and seasonality. Across the data set, weekend surveys had higher numbers of distances

under 9 ft, and the proportion of distances under 9 ft was also higher. These results held true

at many, but not all, the capitals of interest. In the summer, the effect was mixed, with the

total number of distances under 9 ft increasing across the entire data set, even though the

proportion of distances under 9 ft decreased. This suggests that increased foot traffic and

decreased social distancing adherence is not a given relationship when outdoors. In general,

it is easier to maintain physical distance when outdoors when compared to being indoors,

even if foot traffic is somewhat higher.

When comparing the social distancing results at different community capitals, two results

stand out. First is the substantially lower proportion of distances less than 9 ft at schools.
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Figure 4.4: The left side graph shows the death rates per 100,000 citizens for different racial

groups in King County, WA [103]. (NHPI, Native Hawaiian or Pacific Islander; AIAN,

American Indian or Alaska Native). The right side graph shows the expected proportion

of distances under 9 ft per image across our entire data set during the summer, in a lower-

income census tract, on a weekday, before the vaccine became publicly available, based on

our regression results. It is shown here that the more white areas did not have a statistically

significant difference from the less white areas.

Schools have authority to enforce strict social distancing rules over their students. While

indoors this could prove problematic for a variety of reasons [213], but outdoors, in our study

area, these rules are much easier to enforce. Schools also experienced expected results in the

regression analyses, with summer being a driver for a decrease in distances under 9 ft. In con-

trast, faith-based organizations were the location with the highest proportion of defections

within 9 ft of each other. The relationship between religious groups and COVID-19 related

restrictions in the U.S. can be described as tenuous at best [141], with frequent legal battles

over restrictions. Additionally, there is a known link between highly religious Americans

(particularly evangelicals) and less concern and support for policy recommendations from

public health officials [187]. In this light, it is somewhat expected that social distancing rec-

ommendations would be less strictly followed at faith-based organizations compared to other

community capitals. However, the regression results at faith-based organizations showed
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that both the number of distances under 9 ft and the proportion under 9 ft increased after

the vaccine became available. Thus, there still was some level of risk avoiding behavior at

faith-based organizations prior to vaccine availability. Faith-based organizations experienced

an expected result of an increase in distances on weekends.

There were other notable results related to different community capitals from the re-

gression analyses. First, hospitals did not have any significant predictors for the number of

distances under 9 ft. Hospital traffic is largely driven by demand rather than other factors,

which would lead to none of the seasonality effects being significant. In terms of socioeco-

nomic predictors, hospitals are not limited to serving people who live in the immediate area,

so the demographics of the census tract the institution is located would not be expected to

impact foot traffic.The COVID-19 infection rate may be a better predictor of foot traffic at

hospitals, although more research is needed to confirm this. In contrast, medical clinics had

a vaccine effect, income effect, and racial demographic effect that were similar to the overall

data set. This is likely due to the outdoor nature of our data. Medical clinics are much

more common and cover more of the city than hospitals do, leading them to trend more with

the overall data set. This is another capital where more research could be done to better

understand social distancing behaviors. Lastly, the large income effect at museums is driven

by the fact that the majority of museums in Seattle are located in wealthy areas, leading to

a natural bias.

Our findings and methods are of interest to public health researchers and practitioners.

In the short term, our results confirm some known findings related to COVID-19 inequities,

and demonstrate that there were differences in pedestrian social distancing behaviors at

specific locations. This provides a greater understanding of the impact of the COVID-

19 pandemic, and can help inform the response for future pandemic events. Using this

information would allow creation of targeted interventions for specific locations or groups

of people. Additionally, future data collected during a pandemic event could be analyzed

quickly, allowing for fast response to the rapidly changing landscape of a pandemic event.
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4.4.2 Limitations

One challenge with utilizing computer vision is that the data product created, in this case

the number of estimated distances, cannot be interpreted the actual number of distances at

a given location. There is overlap in the image data in Martell et al. [127]. Pedestrians that

appear in the foreground of one image may end up in the background of another. However,

our results in this study are enough to demonstrate that while the raw number of distances

may not be perfect, the relative change over time is meaningful. Additionally, this type of

data collection only captures people near drive-able roads. As some locations of interest such

as hospitals and parks may have large footprints away from roads, some data on pedestrian

traffic near these areas will be lost that would potentially be captured by other methods

such as using cell phone data. Our methods serve as a complement to data of this type, not

a replacement.

The distance estimation algorithm is also not without problems [184]. The authors uti-

lized an experiment to determine the optimal values for the algorithm’s parameters through

a grid search. In their tests, the ground truth pedestrians stood no more than 12 ft apart.

The RMSE of 1.13 ft mentioned earlier in the paper is from those conditions. However, in our

data set, pedestrians are frequently further apart than 12 ft, and further away from the vehi-

cle than 20 ft. Thus, under those conditions, the algorithm’s validity decreases, sometimes to

the point where it overestimates distances by multiple orders of magnitude. However, given

the nature of our study, this overestimation is acceptable. As we only care about pedestrians

9ft apart or closer, we are within the bounds of what the algorithm was trained on. When

the overestimation occurs, the estimated distance obtains the same classification it would

have otherwise, 9 ft or greater.

Another challenge with this method is the inability to differentiate between people from

the same social bubbles, and strangers. During the height of the pandemic, households would

form ‘bubbles’ of small non-overlapping groups that would be able to come into contact with

each other while still maintaining social distancing benefits [22]. While our methods cannot
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account for these social bubbles, Danon et al. [22] shows that there are still substantial risks

of transmission when this tactic is employed. Given this insight, we argue that this limitation

does not substantially harm our findings.

Lastly, while the survey route was designed to provide a good representation of the city

of Seattle, it is not without its flaws [65]. There are some key locations in the city that

were missed, such as ”The Ave” in the University District, that would have been valuable

areas to study. Additionally, the route completely omitted West Seattle due to driving time

constraints. These omissions do not directly harm the validity of the results in this paper,

but they do somewhat limit their scope.

4.4.3 Extensions

These methods have the potential to be applied to future pandemic events to understand

the impacts on social distancing behaviors and community mobility as a whole. If possible,

conducting an occasional baseline survey would allow for pandemic-era data to be compared

to pre-pandemic levels, something that was not done for this study that would allow for

better understanding of a return to pre-disaster levels of distancing. Additionally, this type

of analysis can be easily extended to other image data sets, whether it be indoors or outdoors,

to understand changes in social distancing behaviors over time at key locations.

There are also still more insights that can be gleaned from this data set. For example,

some capitals of interest that were not included in this study, such as cycling infrastructure

[106,169], could be topics of further study. Additionally, with a larger data set, more predictor

variables could be analyzed, such as more specific racial demographics than just white vs

nonwhite, English proficiency, age and including interaction terms between predictors. A

larger data set could also allow for block group-level analysis instead of tract-level analysis

Additionally, large-scale longitudinal street view imagery has a host of applications out-

side public health such as studying the built environment, and urban analytics as discussed

in chapter 3 [111,183]. Beyond this, distance estimation algorithm in particular has many ap-

plications beyond pandemic events. The distance estimation algorithm we utilize here [184]
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is computationally efficient, and only requires the focal length of the camera, the vertical lo-

cation of the horizon line in the image, the height of the camera, and estimation of the width

of the object(s) of interest. Thus, as long as our objects of interest have fairly consistent real-

world sizes (e.g. cars, bicycles, traffic signs), it is possible to analyze distances between them

at a large scale. This allows analysis of topics of interest such as the bike-friendliness of a

city [218] by understanding the average distance between vehicles and cyclists. In disaster re-

covery research, distance estimation could be used to understand recovery from catastrophic

disaster events by observing less frequent, grouped pedestrian traffic (e.g. disaster response

teams and construction work), change into more frequent, spread out pedestrian traffic (e.g.

people going about their normal days) [88].

Finally, improvements in generalizable pedestrian detection algorithms or distance esti-

mation in 2-dimensional images would allow for a higher accuracy in model outputs. Im-

provements in this area could allow for real-world interpretable outputs if pedestrian counts

were more accurate. It would also allow for analysis of pedestrians that are further apart

from each other, and more confidence in the model outputs for these cases. Similarly, it

would become possible to study social distancing patterns for extremely short distances (e.g.

less than 3ft) which is currently not possible given the RMSE of the distance estimation

algorithm we used.

4.4.4 Conclusions

This chapter represents a first of its kind effort to track outdoor social distancing behaviors.

We used a longitudinal street-view image survey, computer vision, and distance estimation

techniques to generate over four million estimated distances across a 3-year survey period.

We show that vaccine availability was a key driver in outdoor social distancing in the city

of Seattle, with an increase in the number of distances under 9 ft after the vaccine became

publicly available. Our results also highlight some of the systemic inequities that exist

within the city that match broader trends in the US. This included that lower income areas

experienced higher levels of pedestrians in proximity to each other, and that whiter areas had
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higher numbers of pedestrians in proximity to each other, in spite of white people still having

better COVID-19 related health outcomes. Lastly, we were able to quantify the differences

between community capitals with regard to social distancing behaviors. We observed that

faith-based organizations had the lowest levels of social distancing adherence, while schools

had the highest adherence levels. Overall, our results show that it is possible to understand

one aspect of recovery from a pandemic event, social distancing, using SVI data.
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Chapter 5

CONCLUSION

This dissertation advances the understanding of data usage in disaster recovery research.

Given the increasing frequency of disaster events, it is critical to understand all the resources

available to disaster researchers. With the ever-increasing amount of data being created, and

new methods generating new types of data, it is more important now than ever to have a clear

picture of how that data can be used to make our communities more resilient. The following

chapters address these needs by focusing on a subset of disaster research that historically has

been less understood, disaster recovery, building an understanding of past data practices,

and demonstrating the potential of new data sources to advance the field.

Chapter 2 reviews the data usage history in lifeline infrastructure restoration modeling.

We show that there are interrelationships between modeling approach, hazard type, lifeline

system(s) modeled, and data usage. We also showed that data sets are frequently re-used

as new methods become available. In spite of this, data sharing and publication are not

common practices, as the one of the most common data sources in the literature was from

direct collaboration with utilities. From our findings, we suggested directions for future

research, including modeling interdependent systems and engagement through benchmarking

testbeds as thematic directions, and using alternative data sources and improving validation

and testing methods as methodological directions. We also provided a methodology for data

management to improve reproducibility in disaster recovery modeling.

Chapter 3 builds on the findings of Chapter 2 by creating a method for collecting longi-

tudinal street-view imagery. Over the course of a 3-year period, we collected over 4 million

street-view images across 37 data collection surveys in the city of Seattle. Our methods

included a data pipeline for processing the images and counting the pedestrians in them.
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As a proof of concept for the method’s value in disaster recovery research, we conducted

a regression analysis on the pedestrian counts to understand community mobility in the

city of Seattle during the COVID-19 pandemic. Our results confirmed the viability of our

method for providing unique insights into pedestrian traffic patterns when compared to mo-

bile phone data. We also discussed the potential of the method for many other uses than

counting people.

Chapter 4 extends Chapter 3 by using the generated data to understand community

recovery from the COVID-19 pandemic. We applied a distance estimation algorithm to the

detection data to create an unprecedented longitudinal study of outdoor physical distancing

behaviors. We demonstrated that outdoor physical distancing decreased after the public

availability of the COVID-19 vaccine. This was shown both by the number and proportion of

distances under 9 ft increasing after the vaccine became available. We also showed differences

in physical distancing across census tract demographics, and locations of interest such as

faith-based organizations and schools. Higher income areas had higher levels of physical

distancing adherence, and there was not a significant difference in adherence between racial

groups, highlighting the inequities of COVID-19 health outcomes.

We also identified multiple directions for future research to continue to improve our un-

derstanding of data in disaster recovery research. Chapter 2 identified promising new data

sources including natural language processing of large scale text data, expert elicitation,

and synthetic benchmarking testbeds. It also identified the importance of modeling inter-

dependent restoration as a key thematic direction to improve model fidelity. Chapter 3

discussed the myriad of applications for longitudinal street-view data, including evaluation

of the built environment, surveying plant species, and recovery from other types of disaster

events. Additionally, methodological improvements could be made, including baseline data

collection surveys between disaster events, improvements to route design, and improvements

to computer vision algorithms. Chapter 4 future directions included the methodological

improvements of Chapter 3, the extension of the provided analysis to other types of image

data or locations of interest, applications in public policy, and large-scale distance estimation
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between other objects of interest.



83

Appendix A

APPENDIX

A.1 Additional Regression Results for Data Pipeline
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Dep. Variable: Two Or More Peds per Image R-squared: 0.114

Model: OLS Adj. R-squared: 0.112

Method: Least Squares F-statistic: 40.82

No. Observations: 3171 Prob (F-statistic): 1.97e-76

Df Residuals: 3160 Log-Likelihood: 438.90

Df Model: 10

Covariance Type: nonrobust

coef std err t P> |t| [0.025 0.975]

Intercept 0.2590 0.016 16.091 0.000 0.227 0.291

Spring 0.0122 0.011 1.073 0.283 -0.010 0.034

Summer 0.0619 0.012 5.278 0.000 0.039 0.085

Winter -0.0044 0.012 -0.352 0.725 -0.029 0.020

Vaccine Available -0.0143 0.008 -1.883 0.060 -0.029 0.001

Weekend -0.0264 0.011 -2.366 0.018 -0.048 -0.005

Income Bracket 2 -0.0981 0.017 -5.675 0.000 -0.132 -0.064

Income Bracket 3 -0.2080 0.017 -12.377 0.000 -0.241 -0.175

Income Bracket 4 -0.2346 0.018 -12.758 0.000 -0.271 -0.199

Income Bracket 5 -0.3230 0.025 -13.081 0.000 -0.371 -0.275

More than 55.5% White 0.1564 0.012 13.494 0.000 0.134 0.179

Table A.1: OLS Regression Results for Detections per Image for the detections subset sharing

an image with at least 1 other.
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Dep. Variable: Three Or More Peds per Image R-squared: 0.098

Model: OLS Adj. R-squared: 0.095

Method: Least Squares F-statistic: 34.23

No. Observations: 3171 Prob (F-statistic): 6.49e-64

Df Residuals: 3160 Log-Likelihood: 1864.6

Df Model: 10

Covariance Type: nonrobust

coef std err t P> |t| [0.025 0.975]

Intercept 0.1292 0.010 12.581 0.000 0.109 0.149

Spring 0.0026 0.007 0.356 0.722 -0.012 0.017

Summer 0.0309 0.007 4.128 0.000 0.016 0.046

Winter -0.0053 0.008 -0.671 0.502 -0.021 0.010

Vaccine Available 0.0047 0.005 0.975 0.330 -0.005 0.014

Weekend -0.0110 0.007 -1.544 0.123 -0.025 0.003

Income Bracket 2 -0.0657 0.011 -5.961 0.000 -0.087 -0.044

Income Bracket 3 -0.1289 0.011 -12.025 0.000 -0.150 -0.108

Income Bracket 4 -0.1472 0.012 -12.544 0.000 -0.170 -0.124

Income Bracket 5 -0.1926 0.016 -12.225 0.000 -0.223 -0.162

More than 55.5% White 0.0910 0.007 12.308 0.000 0.077 0.106

Table A.2: OLS Regression Results for Detections per Image for the detections subset sharing

an image with at least 2 others.
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Dep. Variable: Four Or More Peds per Image R-squared: 0.077

Model: OLS Adj. R-squared: 0.074

Method: Least Squares F-statistic: 26.38

No. Observations: 3171 Prob (F-statistic): 9.11e-49

Df Residuals: 3160 Log-Likelihood: 3100.6

Df Model: 10

Covariance Type: nonrobust

coef std err t P> |t| [0.025 0.975]

Intercept 0.0709 0.007 10.198 0.000 0.057 0.085

Spring 0.0009 0.005 0.186 0.853 -0.009 0.011

Summer 0.0197 0.005 3.878 0.000 0.010 0.030

Winter -0.0052 0.005 -0.972 0.331 -0.016 0.005

Vaccine Available 0.0073 0.003 2.224 0.026 0.001 0.014

Weekend -0.0041 0.005 -0.842 0.400 -0.014 0.005

Income Bracket 2 -0.0432 0.007 -5.787 0.000 -0.058 -0.029

Income Bracket 3 -0.0781 0.007 -10.764 0.000 -0.092 -0.064

Income Bracket 4 -0.0889 0.008 -11.186 0.000 -0.104 -0.073

Income Bracket 5 -0.1144 0.011 -10.721 0.000 -0.135 -0.093

More than 55.5% White 0.0527 0.005 10.522 0.000 0.043 0.063

Table A.3: OLS Regression Results for Detections per Image for the detections subset sharing

an image with at least 3 others.
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A.2 Additional Sample Image Outputs for Social Distancing Algorithm

Figure A.1: Sample output of the pedestrian detection and physical distancing algorithm.

This image contains two pedestrians near each other on one side of the street, about 30 feet

away from a pedestrian across the street.
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Figure A.2: Sample output of the pedestrian detection and physical distancing algorithm.

This image contains two pedestrians walking nearby each other with their backs to the

camera.
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Figure A.3: Sample output of the pedestrian detection and physical distancing algorithm.

This image contains two pedestrian walking nearby each other walking parallel with the

vehicle.



90

A.3 Capitals Regression Results - Number of Distances Under 9 ft per Image

Dep. Variable: Short per Image R-squared: 0.021

Model: OLS Adj. R-squared: 0.017

Method: Least Squares F-statistic: 5.661

No. Observations: 1348 Prob (F-statistic): 3.57e-05

Df Residuals: 1342 Log-Likelihood: 858.81

Df Model: 5

Covariance Type: nonrobust

coef std err t P> |t| [0.025 0.975]

Intercept 0.0313 0.009 3.677 0.000 0.015 0.048

Summer 0.0113 0.008 1.473 0.141 -0.004 0.026

Vaccine Available 0.0262 0.007 3.692 0.000 0.012 0.040

Weekend 0.0045 0.011 0.429 0.668 -0.016 0.025

Income Above $80,820 -0.0261 0.008 -3.248 0.001 -0.042 -0.010

More than 55.5% White 0.0077 0.009 0.860 0.390 -0.010 0.025

Table A.4: OLS Regression Results - Transit Stops - Number of Distances Under 9 ft
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Dep. Variable: Short per Image R-squared: 0.031

Model: OLS Adj. R-squared: 0.027

Method: Least Squares F-statistic: 9.634

No. Observations: 1532 Prob (F-statistic): 4.55e-09

Df Residuals: 1526 Log-Likelihood: 953.40

Df Model: 5

Covariance Type: nonrobust

coef std err t P> |t| [0.025 0.975]

Intercept 0.0270 0.008 3.350 0.001 0.011 0.043

Summer 0.0189 0.007 2.533 0.011 0.004 0.034

Vaccine Available 0.0286 0.007 4.234 0.000 0.015 0.042

Weekend 0.0257 0.010 2.625 0.009 0.007 0.045

Income Above $80,820 -0.0276 0.007 -3.730 0.000 -0.042 -0.013

More than 55.5% White 0.0188 0.008 2.399 0.017 0.003 0.034

Table A.5: OLS Regression Results - Faith-Based Organizations - Number of Distances

Under 9 ft
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Dep. Variable: Short per Image R-squared: 0.028

Model: OLS Adj. R-squared: 0.010

Method: Least Squares F-statistic: 1.545

No. Observations: 275 Prob (F-statistic): 0.176

Df Residuals: 269 Log-Likelihood: 562.77

Df Model: 5

Covariance Type: nonrobust

coef std err t P> |t| [0.025 0.975]

Intercept -0.0002 0.009 -0.019 0.985 -0.019 0.019

Summer 0.0063 0.004 1.492 0.137 -0.002 0.015

Vaccine Available -0.0014 0.004 -0.360 0.719 -0.009 0.006

Weekend -0.0045 0.006 -0.792 0.429 -0.016 0.007

Income Above $80,820 0.0048 0.004 1.223 0.223 -0.003 0.013

More than 55.5% White 0.0160 0.010 1.661 0.098 -0.003 0.035

Table A.6: OLS Regression Results - Hospitals - Number of Distances Under 9 ft
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Dep. Variable: Short per Image R-squared: 0.072

Model: OLS Adj. R-squared: 0.066

Method: Least Squares F-statistic: 12.42

No. Observations: 809 Prob (F-statistic): 1.25e-11

Df Residuals: 803 Log-Likelihood: -19.400

Df Model: 5

Covariance Type: nonrobust

coef std err t P> |t| [0.025 0.975]

Intercept 0.0940 0.020 4.612 0.000 0.054 0.134

Summer 0.0029 0.020 0.149 0.882 -0.035 0.041

Vaccine Available 0.0606 0.018 3.431 0.001 0.026 0.095

Weekend 0.0101 0.025 0.395 0.693 -0.040 0.060

Income Above $80,820 -0.1342 0.019 -7.050 0.000 -0.172 -0.097

More than 55.5% White 0.0606 0.021 2.845 0.005 0.019 0.102

Table A.7: OLS Regression Results - Medical Clinics - Number of Distances Under 9 ft
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Dep. Variable: Short per Image R-squared: 0.190

Model: OLS Adj. R-squared: 0.176

Method: Least Squares F-statistic: 13.52

No. Observations: 294 Prob (F-statistic): 7.46e-12

Df Residuals: 288 Log-Likelihood: 32.332

Df Model: 5

Covariance Type: nonrobust

coef std err t P> |t| [0.025 0.975]

Intercept -0.0249 0.025 -0.983 0.326 -0.075 0.025

Summer 0.0253 0.029 0.880 0.380 -0.031 0.082

Vaccine Available 0.1094 0.026 4.231 0.000 0.058 0.160

Weekend 0.1075 0.038 2.817 0.005 0.032 0.183

Income Above $80,820 0.1915 0.035 5.448 0.000 0.122 0.261

More than 55.5% White -0.0331 0.034 -0.967 0.334 -0.100 0.034

Table A.8: OLS Regression Results - Museums - Number of Distances Under 9 ft
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Dep. Variable: Short per Image R-squared: 0.026

Model: OLS Adj. R-squared: 0.023

Method: Least Squares F-statistic: 9.512

No. Observations: 1783 Prob (F-statistic): 5.75e-09

Df Residuals: 1777 Log-Likelihood: 434.16

Df Model: 5

Covariance Type: nonrobust

coef std err t P> |t| [0.025 0.975]

Intercept 0.0216 0.011 1.915 0.056 -0.001 0.044

Summer 0.0007 0.010 0.065 0.948 -0.019 0.021

Vaccine Available 0.0478 0.009 5.238 0.000 0.030 0.066

Weekend 0.0248 0.013 1.873 0.061 -0.001 0.051

Income Above $80,820 0.0043 0.011 0.376 0.707 -0.018 0.026

More than 55.5% White 0.0430 0.013 3.415 0.001 0.018 0.068

Table A.9: OLS Regression Results - Parks - Number of Distances Under 9 ft
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Dep. Variable: Short per Image R-squared: 0.031

Model: OLS Adj. R-squared: 0.026

Method: Least Squares F-statistic: 5.611

No. Observations: 871 Prob (F-statistic): 4.24e-05

Df Residuals: 865 Log-Likelihood: 855.59

Df Model: 5

Covariance Type: nonrobust

coef std err t P> |t| [0.025 0.975]

Intercept 0.0024 0.009 0.281 0.779 -0.014 0.019

Summer -0.0149 0.007 -2.200 0.028 -0.028 -0.002

Vaccine Available 0.0214 0.006 3.428 0.001 0.009 0.034

Weekend -0.0126 0.009 -1.343 0.180 -0.031 0.006

Income Above $80,820 0.0152 0.010 1.450 0.148 -0.005 0.036

More than 55.5% White 0.0093 0.010 0.923 0.356 -0.010 0.029

Table A.10: OLS Regression Results - Schools - Number of Distances Under 9 ft
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A.4 Capitals Regression Results - Proportion of Distances Under 9 ft

Dep. Variable: Prop Short R-squared: 0.014

Model: OLS Adj. R-squared: 0.010

Method: Least Squares F-statistic: 3.682

No. Observations: 1348 Prob (F-statistic): 0.00259

Df Residuals: 1342 Log-Likelihood: -427.14

Df Model: 5

Covariance Type: nonrobust

coef std err t P> |t| [0.025 0.975]

Intercept 0.2890 0.022 13.081 0.000 0.246 0.332

Summer -0.0355 0.020 -1.776 0.076 -0.075 0.004

Vaccine Available 0.0495 0.018 2.688 0.007 0.013 0.086

Weekend 0.0291 0.027 1.064 0.288 -0.025 0.083

Income Above $80,820 0.0449 0.021 2.150 0.032 0.004 0.086

More than 55.5% White 0.0199 0.023 0.860 0.390 -0.025 0.065

Table A.11: OLS Regression Results - Transit Stops - Proportion of Distances Under 9 ft
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Dep. Variable: Prop Short R-squared: 0.009

Model: OLS Adj. R-squared: 0.006

Method: Least Squares F-statistic: 2.854

No. Observations: 1532 Prob (F-statistic): 0.0143

Df Residuals: 1526 Log-Likelihood: -235.43

Df Model: 5

Covariance Type: nonrobust

coef std err t P> |t| [0.025 0.975]

Intercept 0.3258 0.018 18.615 0.000 0.291 0.360

Summer -0.0171 0.016 -1.057 0.291 -0.049 0.015

Vaccine Available 0.0311 0.015 2.117 0.034 0.002 0.060

Weekend 0.0290 0.021 1.359 0.174 -0.013 0.071

Income Above $80,820 0.0436 0.016 2.708 0.007 0.012 0.075

More than 55.5% White -0.0006 0.017 -0.034 0.973 -0.034 0.033

Table A.12: OLS Regression Results - Faith-Based Organizations - Proportion of Distances

Under 9 ft
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Dep. Variable: Prop Short R-squared: 0.052

Model: OLS Adj. R-squared: 0.034

Method: Least Squares F-statistic: 2.928

No. Observations: 275 Prob (F-statistic): 0.0136

Df Residuals: 269 Log-Likelihood: -21.084

Df Model: 5

Covariance Type: nonrobust

coef std err t P> |t| [0.025 0.975]

Intercept 0.3317 0.079 4.183 0.000 0.176 0.488

Summer -0.0435 0.035 -1.228 0.221 -0.113 0.026

Vaccine Available 0.0713 0.032 2.214 0.028 0.008 0.135

Weekend 0.1386 0.048 2.915 0.004 0.045 0.232

Income Above $80,820 0.0313 0.033 0.948 0.344 -0.034 0.096

More than 55.5% White -0.0927 0.080 -1.153 0.250 -0.251 0.066

Table A.13: OLS Regression Results - Hospitals - Proportion of Distances Under 9 ft
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Dep. Variable: Prop Short R-squared: 0.017

Model: OLS Adj. R-squared: 0.011

Method: Least Squares F-statistic: 2.811

No. Observations: 809 Prob (F-statistic): 0.0159

Df Residuals: 803 Log-Likelihood: -76.898

Df Model: 5

Covariance Type: nonrobust

coef std err t P> |t| [0.025 0.975]

Intercept 0.2834 0.022 12.953 0.000 0.240 0.326

Summer -0.0358 0.021 -1.709 0.088 -0.077 0.005

Vaccine Available 0.0202 0.019 1.064 0.288 -0.017 0.057

Weekend 0.0636 0.027 2.326 0.020 0.010 0.117

Income Above $80,820 0.0343 0.020 1.678 0.094 -0.006 0.074

More than 55.5% White 0.0202 0.023 0.883 0.377 -0.025 0.065

Table A.14: OLS Regression Results - Medical Clinics - Proportion of Distances Under 9 ft
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Dep. Variable: Prop Short R-squared: 0.012

Model: OLS Adj. R-squared: -0.005

Method: Least Squares F-statistic: 0.6991

No. Observations: 294 Prob (F-statistic): 0.625

Df Residuals: 288 Log-Likelihood: -10.138

Df Model: 5

Covariance Type: nonrobust

coef std err t P> |t| [0.025 0.975]

Intercept 0.3155 0.029 10.770 0.000 0.258 0.373

Summer -0.0115 0.033 -0.347 0.729 -0.077 0.054

Vaccine Available 0.0528 0.030 1.769 0.078 -0.006 0.112

Weekend 0.0199 0.044 0.452 0.651 -0.067 0.107

Income Above $80,820 -0.0187 0.041 -0.461 0.645 -0.099 0.061

More than 55.5% White 0.0197 0.040 0.498 0.619 -0.058 0.097

Table A.15: OLS Regression Results - Museums - Proportion of Distances Under 9 ft
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Dep. Variable: Prop Short R-squared: 0.008

Model: OLS Adj. R-squared: 0.005

Method: Least Squares F-statistic: 2.878

No. Observations: 1786 Prob (F-statistic): 0.0136

Df Residuals: 1780 Log-Likelihood: -123.92

Df Model: 5

Covariance Type: nonrobust

coef std err t P> |t| [0.025 0.975]

Intercept 0.3454 0.015 22.391 0.000 0.315 0.376

Summer -0.0115 0.014 -0.830 0.407 -0.039 0.016

Vaccine Available 0.0285 0.012 2.289 0.022 0.004 0.053

Weekend 0.0408 0.018 2.255 0.024 0.005 0.076

Income Above $80,820 0.0321 0.015 2.077 0.038 0.002 0.062

More than 55.5% White -0.0312 0.017 -1.809 0.071 -0.065 0.003

Table A.16: OLS Regression Results - Parks - Proportion of Distances Under 9 ft
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Dep. Variable: Prop Short R-squared: 0.010

Model: OLS Adj. R-squared: 0.004

Method: Least Squares F-statistic: 1.735

No. Observations: 874 Prob (F-statistic): 0.124

Df Residuals: 868 Log-Likelihood: -327.78

Df Model: 5

Covariance Type: nonrobust

coef std err t P> |t| [0.025 0.975]

Intercept 0.4866 0.033 14.557 0.000 0.421 0.552

Summer -0.0331 0.026 -1.259 0.209 -0.085 0.019

Vaccine Available -0.0138 0.024 -0.572 0.568 -0.061 0.034

Weekend 0.0845 0.036 2.325 0.020 0.013 0.156

Income Above $80,820 0.0459 0.041 1.125 0.261 -0.034 0.126

More than 55.5% White -0.0341 0.039 -0.876 0.381 -0.111 0.042

Table A.17: OLS Regression Results - Schools - Proportion of Distances Under 9 ft
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A.5 Regression Results - All Distances Per Image

Dep. Variable: Distances per Image R-squared: 0.027

Model: OLS Adj. R-squared: 0.025

Method: Least Squares F-statistic: 17.39

No. Observations: 3171 Prob (F-statistic): 5.01e-17

Df Residuals: 3162 Log-Likelihood: -7893.7

Df Model: 5

Covariance Type: nonrobust

coef std err t P> |t| [0.025 0.975]

Intercept 0.6767 0.138 4.910 0.000 0.406 0.947

Summer 0.2963 0.117 2.541 0.011 0.068 0.525

Vaccine Available 0.5625 0.105 5.360 0.000 0.357 0.768

Weekend 0.3271 0.151 2.161 0.031 0.030 0.624

Income Above $80,820 -0.7484 0.123 -6.081 0.000 -0.990 -0.507

More than 55.5% White 0.6949 0.138 5.044 0.000 0.425 0.965

Table A.18: OLS Regression Results - Distances Per Image. This table contains regression

results for a regression containing ALL distances, not just those under 9 ft.
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