NAVAL
POSTGRADUATE
SCHOOL

MONTEREY, CALIFORNIA

THESIS

EVACUATION PLANS FOR NAVAL STATION
NEWPORT AND AQUIDNECK ISLAND UNDER
UNCERTAINTY

by
Christina K. Domanowski
September 2022

Thesis Advisor: Daniel Eisenberg
Second Reader: David L. Alderson Jr.

Approved for public release. Distribution is unlimited.




THIS PAGE INTENTIONALLY LEFT BLANK



Form Approved OMB

REPORT DOCUMENTATION PAGE No. 0704-0188

Public reporting burden for this collection of information is estimated to average 1 hour per response, including the time for reviewing
instruction, searching existing data sources, gathering and maintaining the data needed, and completing and reviewing the collection of
information. Send comments regarding this burden estimate or any other aspect of this collection of information, including suggestions
for reducing this burden, to Washington headquarters Services, Directorate for Information Operations and Reports, 1215 Jefferson
Davis Highway, Suite 1204, Arlington, VA 22202-4302, and to the Office of Management and Budget, Paperwork Reduction Project
(0704-0188) Washington, DC 20503.

1. AGENCY USE ONLY
(Leave blank)

2. REPORT DATE
September 2022

3. REPORT TYPE AND DATES COVERED
Master’s thesis

4. TITLE AND SUBTITLE
EVACUATION PLANS FOR NAVAL STATION NEWPORT AND
AQUIDNECK ISLAND UNDER UNCERTAINTY

6. AUTHOR(S) Christina K. Domanowski

5. FUNDING NUMBERS

RNQC3

7. PERFORMING ORGANIZATION NAME(S) AND ADDRESS(ES) 8. PERFORMING

Naval Postgraduate School ORGANIZATION REPORT
Monterey, CA 93943-5000 NUMBER

9. SPONSORING / MONITORING AGENCY NAME(S) AND 10. SPONSORING /
ADDRESS(ES) MONITORING AGENCY
Strategic Environmental Research and Development Program (SERDP), 4800 REPORT NUMBER

Mark Center Drive, Suite 16F16, Alexandria, VA 22350

11. SUPPLEMENTARY NOTES The views expressed in this thesis are those of the author and do not reflect the
official policy or position of the Department of Defense or the U.S. Government.

12a. DISTRIBUTION / AVAILABILITY STATEMENT 12b. DISTRIBUTION CODE
Approved for public release. Distribution is unlimited. A

13. ABSTRACT (maximum 200 words)

Aquidneck Island, RI, is vulnerable to hurricanes; hence, evacuation plans are critical to the welfare of
on-island military installations and communities. Coordination among communities is important as there are
few on-island shelters and evacuation will require military and civilian evacuees to egress across the same
bridges. Previous work studied optimal vehicle routing to minimize clearance times and coordinate
evacuation. However, past work does not consider uncertainty involved in go (evacuate)/no-go
(shelter-in-place) decisions. Under hurricane conditions, high winds will force bridge closures and calling an
evacuation too late forces populations to shelter-in-place. In contrast, calling an evacuation too early for
threatening, non-striking storms might direct evacuees off-island toward danger. We develop a model that
can consider these tensions by combining synthetic forecasts for past storms, stochastic hurricane trajectory,
expected evacuation demands, and optimal routing. We apply our model to two historical storms: Hurricane
Bob in 1991 and Hurricane Gloria in 1985. Results show our model performs well for striking storms by
evacuating the majority of vulnerable communities. However, our model also leads to large evacuations for
threatening, non-striking storms. We conclude our model forms a good basis for evacuation planning yet
needs additional analysis prior to use.

14. SUBJECT TERMS 15. NUMBER OF
Aquidneck Island, Newport, NAVSTA, naval station, military, transportation, infrastructure, | PAGES
interdependency, robust optimization, uncertainty, stochastic 131

16. PRICE CODE

17. SECURITY 18. SECURITY 19. SECURITY 20. LIMITATION OF

CLASSIFICATION OF CLASSIFICATION OF THIS | CLASSIFICATION OF | ABSTRACT
REPORT PAGE ABSTRACT
Unclassified Unclassified Unclassified uu

NSN 7540-01-280-5500 Standard Form 298 (Rev. 2-89)

Prescribed by ANSI Std. 239-18



THIS PAGE INTENTIONALLY LEFT BLANK

1



Approved for public release. Distribution is unlimited.

EVACUATION PLANS FOR NAVAL STATION NEWPORT AND AQUIDNECK
ISLAND UNDER UNCERTAINTY

Christina K. Domanowski
Ensign, United States Navy
BS, United States Naval Academy, 2021

Submitted in partial fulfillment of the
requirements for the degree of

MASTER OF SCIENCE IN APPLIED SCIENCE
(OPERATIONS RESEARCH)

from the

NAVAL POSTGRADUATE SCHOOL
September 2022

Approved by:  Daniel Eisenberg
Advisor

David L. Alderson Jr.
Second Reader

W. Matthew Carlyle
Chair, Department of Operations Research

i1



THIS PAGE INTENTIONALLY LEFT BLANK

v



ABSTRACT

Aquidneck Island, RI, is vulnerable to hurricanes; hence, evacuation plans are
critical to the welfare of on-island military installations and communities. Coordination
among communities is important as there are few on-island shelters and evacuation will
require military and civilian evacuees to egress across the same bridges. Previous work
studied optimal vehicle routing to minimize clearance times and coordinate evacuation.
However, past work does not consider uncertainty involved in go (evacuate)/no-go
(shelter-in-place) decisions. Under hurricane conditions, high winds will force bridge
closures and calling an evacuation too late forces populations to shelter-in-place. In
contrast, calling an evacuation too early for threatening, non-striking storms might direct
evacuees off-island toward danger. We develop a model that can consider these tensions
by combining synthetic forecasts for past storms, stochastic hurricane trajectory, expected
evacuation demands, and optimal routing. We apply our model to two historical storms:
Hurricane Bob in 1991 and Hurricane Gloria in 1985. Results show our model performs
well for striking storms by evacuating the majority of vulnerable communities. However,
our model also leads to large evacuations for threatening, non-striking storms. We
conclude our model forms a good basis for evacuation planning yet needs additional

analysis prior to use.
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Executive Summary

The New England region is threatened by seasonal hurricanes, which can result in serious
repercussions for the population and infrastructure. Aquidneck Island in Rhode Island, home
to Naval Station Newport, the Naval Undersea Warfare Center, Newport City, and townships
of Portsmouth and Middletown, is particularly vulnerable to future storms when combined
with anticipated sea level rise and coastal flooding. While few hurricanes made landfall on
Aquidneck Island in the past, the hurricanes that have were detrimental to both military and
civilian communities. Examples include Hurricane Bob in 1991 and Hurricane Gloria in
1985, which are considered to be some of most devastating hurricanes to strike the region.
Both ended in millions of dollars in damages and storm-related casualties due to heavy
winds and rain alongside infrastructure impacts like power outages. Hurricane planning for
future storms is critical to the island to ensure military missions can remain operational and

to protect communities from harm.

While the damages to infrastructure may be unavoidable without significant investment,
preventing loss of life can be achieved with evacuation plans that direct vulnerable commu-
nities to safety. However, evacuation is a difficult activity to manage. As a storm approaches,
authorities need to decide whether it is better to evacuate or shelter-in-place, boiling down
to a go/no go decision. Unfortunately, this decision is rife with uncertainty, including the
strength of the oncoming storm and the timing and destination of its landfall. These un-
certainties become less prevalent the closer a storm is to landfall, which is problematic
for evacuation decisions. If an evacuation is called, military and civilian communities need
enough time to evacuate across bridges to safety before hurricane winds close bridge access.
Choosing to evacuate too late for storms that strike the island forces vulnerable communities
to shelter-in-place at times of high danger. Choosing to evacuate too early for storms that
threaten, but do not strike, might direct vulnerable populations towards more dangerous

areas.

The goal of the thesis is to develop a model that can help emergency managers make
go/no-go decisions for uncertain, oncoming storms. Past work by Jones (2021) developed
an optimization model for Aquidneck Island that produces vehicle routing to minimize

evacuation clearance times for military and civilian communities. Yet, this model assumes

Xvii



evacuation is called and coordinated for all communities simultaneously. We build on this
work to incorporate uncertain evacuation demands that can form across the island given
both striking and threatening storms. Then, we study go/no-go decisions given historical

storm tracks. Towards this end, we perform the following model and analysis tasks:

1. Create Synthetic Hurricane Forecasts: We generate hurricane tracks for Hurricane
Bob and Hurricane Gloria to represent forecast scenarios that were possible, yet
unrealized for the historical storms. For each storm, we collect data on the original,
best track from the National Hurricane Center (NHC) and produce three synthetic
tracks. This results in four forecasts: the original track, a worst-case track, and two that
represent western and eastern drift based on the NHC cone of uncertainty (referred

as the 180° and 90° track, respectively).

2. Identify a Dangerous Region for Aquidneck Island: We identify the geographic re-
gion where, if Hurricane Bob or Gloria strikes, Newport Bridge will close due to high
winds. We determine this region using a parametric wind model to estimate maximum
sustained wind speeds experienced at Newport Bridge for each track and interpolate
across the latitudes where each forecast makes landfall. We consider storms that
cross this region as a strike and others as threatening and non-striking. This analysis
categorizes each synthetic track as either striking or non-striking. Results for Hurri-
canes Bob and Gloria produces two tracks that strike (original and worst-case) and
two that threaten, but do not strike (180° and 90°). This analysis was completed in

collaboration with experts at the University of Rhode Island.

3. Calculate Likelihood of Strike as a Hurricane Approaches: We create a stochastic
track generation procedure to estimate how likely Hurricane Bob or Gloria were
to strike at each point in their forecast. This procedure estimates the uncertainty in
whether a storm would strike the most dangerous region with respect to its lead time
before landfall. While striking storms eventually close bridges as they make landfall
(i.e., a likelihood of strike = 1), even non-striking storms may have a large enough

strike probability to initiate some level evacuation during their approach.

4. Estimate Evacuation Demands: Using the likelihood of strike, we estimate expected
evacuation demand (in vehicles) for each storm for each track. We estimate evacuation
demands for each time period prior to landfall using a function that combines the total

number of possible evacuees for a given community, the hurricane strike probability,
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and a credible time window for evacuation. This analysis results in expected evacuation
demands for each scenario that can be used in deterministic optimization models for

evacuation routing.

5. Evacuation Model Formulation: We extend the Jones (2021) model to consider time-
varying evacuation demands driven by oncoming storms. The resulting model assigns
evacuating populations to shelters or to cross bridges and determines the optimal route

and flow of vehicles to minimize vehicle clearance times.

6. Analysis: Using the network defined in Jones (2021) and our modified model, we

study evacuation for each storm track for Hurricane Bob and Hurricane Gloria.

Results raise critical questions for evacuation planning. We find that different forecasted
tracks for the same storm can produce different evacuation plans. For example, optimal
routing would send 447 more vehicles over Mt. Hope Bridge for the original Hurricane
Bob track over its worst-case track, even though both scenarios strike Aquidneck Island.
This means the timing of when evacuation demands occur relative to an oncoming storm
can lead to large differences in the optimal routing even when scenarios produce the same
outcome. Moreover, we find the only on-island hurricane shelter — Gaudet Middle School
— never reaches full capacity and is under-utilized across all scenarios for both storms.

Future work should assess the sensitivity of evacuation timing on routing and egress.

Results also indicate that our model is only moderately effective for future evacuation
planning. A perfect model would recommend full evacuation given a striking storm and all
populations to shelter-in-place given a non-striking storm. We find our model does well at
recommending evacuation for striking storms, producing nearly complete evacuation for all
striking scenarios for both storms. However, our model also produces large evacuations for

threatening, but non-striking storms for all but one scenario (Hurricane Gloria, 180° track).

Future work could improve model results for future evacuation planning. While the current
model is a good proof of concept, it requires further analysis to determine its validity for
different storm scenarios. For example, updating methods with more realistic stochastic
storms, improving the expected demand function, or incorporating scenarios into a multi-

stage stochastic program may improve overall results.
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CHAPTER 1

Introduction

Aquidneck Island, located in Narragansett Bay in the State of Rhode Island, is a critical
location for the U.S. Navy. Both Naval Station (NAVSTA) Newport and the Naval Undersea
Warfare Command (NUWC) are located on Aquidneck Island surrounded by the City of
Newport and Townships of Middletown and Portsmouth. As part of the NAVSTA Newport
mission to educate leaders, the U.S. Naval War College (NWC) in Newport offers graduate-
level degrees to further the military training and education of military leaders (U.S. Naval
War College 2021). In addition to Aquidneck Island’s historic military sites, major mili-
tary complexes located in Newport, Middletown and Portsmouth are essential for housing
military families stationed at NAVSTA Newport (NAVSTA Newport Homes 2021).

Currently, the military installations and civilian communities on the island lack a coordinated
hurricane evacuation plan that can manage future storms and climate change. Future disasters
are rife with uncertainty, including the amount of flooding on roadways, the capacity of the
evacuation shelters, and the timing of evacuations. The existing models and planning efforts
rely on high certainty data to recommend evacuation routes and estimate shelter demands,
such that uncertainty in data makes it difficult to know if resulting plans will be effective
in future disasters. These vulnerable communities require a dynamic strategy for various

climate change projections.

1.1 Hurricanes and Aquidneck Island
Aquidneck Island has experienced several major historical and recent storms that motivate

the need for coordinated evacuation plans.

1.1.1 Historical Major Storms

The 1938 Hurricane is considered to be one of the most devastating and deadly hurricanes
to hit the New England area. When the hurricane hit Rhode Island on September 21,
the powerful winds and extreme flooding destroyed thousands of properties and caused

hundreds of casualties (Lawrence 2018). The incredibly high tides created storm surges of



14 to 25 feet and reached a maximum wind speed of 160 mph, obliterating every structure
on the Rhode Island coast except for large stone mansions located in Newport (University
of Rhode Island 2022). Due to the lack of technology available, there were no established
evacuation efforts or warnings, leaving the communities completely unprepared to face
the storm (Rather 2005). Because of this mass devastation, the National Archives Catalog
and several government organizations maintain the records of the event to help with the
preparation for future disasters (Lawrence 2018). Specifically, the U.S. Army Corps of
Engineers (USACE) New England District “undertook several projects to fortify interior
and coastal areas vulnerable to hurricane damage and flooding” (Lawrence 2018). These
efforts serve to remind the public about the importance of preparing communities for

hurricanes to minimize the damage from hurricanes.

Rhode Island has suffered through the destruction caused by several other hurricanes, such
as the 1991 Hurricane Bob and the 1985 Hurricane Gloria. The 1991 Hurricane Bob hit the
region with extremely high winds and created a “10- to 15-foot storm surge” that results in
18 casualties (Tucker 2021). The 1985 Hurricane Gloria resulted in 8 casualties, but there
was “heavy rainfall and enough wind to knock out power to 2,000,000 residents” (Tucker
2021). These two hurricanes consistently are considered to be some of the worst storms to

hit the New England region.

Other coastal areas have suffered under the destructive impacts of hurricanes. When Hurri-
cane Sandy tore through the coasts of New York and New Jersey on October 29, 2012, the
high tides and storm surges flooded the streets and tunnels in New York and destroyed homes
and businesses (Rafferty 2012). New York residents were left with restricted access to food,
healthcare, and other services while the City of New York incurred billions of dollars in
damages (City of New York 2022). However, a large workforce of public services mobilized
to help the city combat the detrimental impacts (City of New York 2022). Congress signed
the Sandy Recovery Improvement Act (SRIA) of 2013 and the Disaster Relief Appropri-
ations Act, 2013 into law to allow the Federal Emergency Management Agency (FEMA)
“greater flexibility in administering assistance programs, improving the Nation’s ability to
efficiently respond to and recover from disasters” (FEMA 2017). These acts have led to

improved emergency preparedness and recovery for communities after natural disasters.

In recent hurricane preparedness across the country, there is a substantial push for resi-



dents living in areas vulnerable to hurricanes to educate themselves about hurricanes and
to develop an evacuation plan for their household. The Centers for Disease Control and
Prevention (CDC) provides a guide for households to plan their hurricane evacuations and
perform the other preparations needed before a hurricane hits (CDC 2022). In the event of a
hurricane, authorities may authorize spontaneous, voluntary, mandatory, short-noticed, or
no evacuations to residents in a specific area (Federal Highway Administration 2022). Res-
idents are expected to abide by authorities’ decisions to evacuate their homes or to shelter
in place. This coordination among the communities and authorities during a hurricane is

essential to ensure necessary evacuations occur.

1.1.2 Hurricane Henri and Recent Evacuation Planning Needs

The events of 2021 motivate the need for coordinated evacuation plans that incorporate
disaster uncertainty, especially for hurricanes. The location of Aquidneck Island is sus-
ceptible to hurricane damages, impacting its dense population of residents and military
personnel. These hurricane damages can compromise military installations and objectives
as seen in the storm Hurricane Henri, which landed near Westerly, Rhode Island on Sun-
day, August 22, 2021 (Lada 2021). Hurricane Henri was the eighth named storm of the
2021 hurricane season (Lada 2021). Although the hurricane was considered a storm at the
time, its sustained winds of 60mph left 74,000 Rhode Island residents without power and
facing immense rainfall and flooding (The Guardian 2021). If Henri were more destructive,
both NAVSTA Newport, NUWC Newport, and island communities would have needed to

evacuate.

One of the key issues for evacuation decisions revealed during Hurricane Henri is the limited
number of routes residents can take to travel off island. If an evacuation were declared, the
vast majority of coastal communities vulnerable to storm surge and flooding would need
to travel off island to safety via three bridges: Newport Bridge (West), Mt. Hope Bridge
(North), and Sakonnet River Bridge (East). Figure 1.1 displays the location of the different
bridges used for evacuations and the cardinal direction residents will evacuate off Aquidneck
Island.
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Figure 1.1. Location of Bridges on Aquidneck Island. Here, we identify the
communities Portsmouth, Middletown, and Newport as well as the three
bridges used in evacuations. The bridges are outlined in a red box. The Mt.
Hope Bridge evacuates residents north of the island, the Sakonnet Bridge
evacuates residents east of the island, and the Newport Bridge evacuates
residents west of the island. Adapted from Newport Rhode Island (2021).

Recent estimates for evacuating off island suggest it could take upwards of 14 hours to
clear vulnerable populations including military staff and family (Jones 2021). However,
Hurricane Henri’s landfall in Westerly precluded evacuation over Newport Bridge, such
that, if evacuation were declared, vehicles could travel only North or East. Evacuation times
given this reduction in road capacity are estimated to take over 24 hours (Jones 2021). This
increase in clearing time corresponds to needing to make evacuation decisions with greater
uncertainty, as projections for hurricane impacts and evacuation needs are more difficult

to make the further a storm is from landfall. Moreover, recent discussions with emergency

4



managers also suggests that Mt. Hope Bridge is not officially designated an evacuation route
(Aquidneck Island Emergency Management 2022), suggesting even more time to evacuate

communities will be required for future disasters.

1.1.3 Climate Change and Anticipated Future Storms

The evacuation planning issues recently revealed during Hurricane Henri are compounded
with climate change, as best science predicts more frequent and destructive storms in the
future. Due to climate change, sea levels are expected to rise anywhere from 1 to 9.2 feet
in Narragansett Bay by 2100 (Coastal Research Management Council 2017). NAVSTA
Newport and NUWC Newport are located on the coastline and are vulnerable to sea level
rise and coastal flooding such that most Navy facilities will need to be evacuated in future
storms. Experts anticipate hurricane damages will worsen, translating to greater impacts to
critical missions housed at NAVSTA Newport (Climate Change Collaborative 2021).

Past efforts in evacuation planning do not account for today’s current climate of rising water
levels, temperatures, wind speeds, and precipitation. With the escalation in these elements,
Ramirez (2021) reports that the increase of flooding risk and intensity of storms complicate
existing evacuation plans and future predictions of hurricane behaviors. The projections
of climate change require hurricane evacuation plans to accommodate these dangerous

prospects.

Overall, Aquidneck Island needs evacuation plans that can support decisions under uncer-
tainty and across military and civilian communities. Decisions to evacuate should take into
account roadway capacities for multiple scenarios and the increased damages expected in
future storms. Plans must also consider how military and civilian communities need to co-
ordinate their evacuation to ensure the flow of vehicles leaving an installation or city do not
inhibit residents from reaching shelters and vulnerable populations from traversing bridges.
If these communities are not coordinated, evacuees may induce worse traffic and longer
evacuation travel times when they fill up shelters or take sub-optimal evacuation routes.
A coordinated plan that can handle uncertainty and helps military and civilian emergency

managers work together can alleviate these issues.



1.2 Evacuation Planning and Decision-Making
In this section, we overview the purpose of evacuation plans for hurricanes. The goal of this

section is to provide more detail for readers unfamiliar with hurricane evacuation planning.

1.2.1 What Does a Hurricane Evacuation Plan Look Like?
The purpose of an evacuation plan is to provide decision support for coordinating the

immediate removal of people from highly vulnerable areas and/or sheltering-in-place during
a disaster. Accordingly, an evacuation plan is meant to provide a system of recommendations
that support multiple municipalities with making the decision of when to evacuate and how
to coordinate the evacuation. Plans generally consist of identifying which populations may
need to evacuate, which destinations they should travel to (e.g., shelters, off-island), and

which routes are most appropriate for each community.

Hurricane evacuation plans are multifaceted and require significant preparedness from both
households and authorities. Because hurricanes include multiple threats, such as high winds,
flooding, and storm surge, hurricane evacuation plans often involve greater coordination
than other disasters. For example, hurricane evacuation plans need to consider evacuating
specific zones at different times based on their risk as the storm approaches and identifying
safe and clear routes for travel that may become flooded or blocked with debris. This is
compounded with the movement of a hurricane, where safe zones may become dangerous
as a storm progresses. Thus, frequent communication and direction between the public and
the local officials is more relevant for hurricane evacuation than for other disasters that do

not cause multiple, time-varying disruptions.

1.2.2 What Decisions Need to Be Made?

Fundamentally, an evacuation plan boils down to a decision between “go” (evacuate) and
“no-go” (shelter-in-place). Difficulty in implementing an evacuation plan stems from how
individual and city-wide actions impact the efficiency of go/no-go decisions. Ultimately,
individual households decide whether or not to shelter-in-place or to evacuate their homes.
Meanwhile local officials issue evacuation orders to specific areas depending on their risk
to the hurricane and the information currently available to them. Ideally, if residents are

ordered to evacuate an area, they should have the shortest travel time possible to minimize



their exposure to the threat. The routes taken should also be as far away from the threat
as possible. The combination of these decisions influence the traffic flow on the roads and

routes available for travelers.

Before residents begin their evacuation, safe evacuation routes should be predetermined.
Best practices base evacuation routes on information from previous hurricanes and predic-
tions of current threats. Thus, hurricane evacuation plans need to include recommendations
for routes that can apply across multiple storms and be flexible to handle the specific threat
of an approaching storm that may change needs. This extends beyond routes to include de-
cisions about when to evacuate specific areas, the public shelters available, and the timing

of evacuations before the disaster hits.

1.2.3 Where Does Uncertainty Come From?
Even in hurricane-prone regions, each oncoming storm is rife with uncertainty making
go/no-go decisions difficult to make appropriately. Uncertainty exists in both the information

for decisions and the decisions made across individual and community scales.

As ahurricane approaches, there is uncertainty in key parameters that dictate storm damages,
such as hurricane motion (e.g., velocity, direction), maximum wind speed or central pressure,
and the amount of rain the storm holds and may release. This means there is also uncertainty
in the actual track of the hurricane, where the damage will amass after landfall, and when
and which roads are available for travelers if evacuation is necessary. Generally, uncertainty
in storm parameters decreases the closer a hurricane is to landfall, meaning the faster an
evacuation can be called and implemented, the more time emergency managers will have

to determine the best course of action.

However, there is also uncertainty in what actors do that confounds go/no-go decisions
even if all storm parameters were known with certainty. For example, individual households
may choose to evacuate or shelter-in-place even if that is against the recommendations of
authorities. This means total number of evacuees leaving any community is uncertain and
the total number can vary widely throughout days (e.g., rush hour vs. middle of the night)
and seasons (e.g., evacuation during high or low tourist seasons in vacation destinations
like Aquidneck Island). And the best routes for evacuees may differ depending on whether

vehicles follow planned routes or go another direction.
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Taken together, evacuation plans can only include partial recommendations about future
go/no-go decisions due to the unpredictable nature of hurricanes. It makes sense to establish
plans on past storms and the best knowledge about current and future populations, roads,
and driver behavior. Still, elements of an evacuation plan need to be flexible to accommodate
uncertain information and real-time data. An evacuation plan needs to account for as much

uncertainty as possible.

1.3 Thesis Objective and Outputs

The objective of this thesis is to develop an evacuation planning model to be applied in many
cases and recommendations for Aquidneck Island that accommodate hurricane uncertainty.
As described above, there are two general classes of uncertainties in evacuation plans —
uncertainty in storm parameters and uncertainty in human behavior. In this work, we focus
on updating past evacuation models and studies to consider uncertainties in storm parameters
(e.g., storm approach, landfall, damages, etc.). Moreover, we consider the implications of
storm approach on bridge availability to consider the uncertainty of evacuation clearance
time experienced during Hurricane Henri. We do this assessment for past storms that have
sufficient data to fully realize their possible impacts and evacuation needs if they were to
happen again in the future. The overall output of this assessment is to determine if and when
go/no-go decisions should have been made for past storms if they happened with current
population and road data. Thus, this historical perspective can help emergency managers

think through possible evacuation timing and needs for future storms.
There are several key outputs from this thesis that dictate success, including:

* Model: Developing a stochastic mathematical program that outputs optimal evacua-
tion plans and clearance times given storm parameter uncertainty. The goal is to rec-
ommend the best routes available for communities as an uncertain storm approaches
to minimize clearance time and maximize community safety.

* Analysis: Studying evacuation for several historical major storms to determine if
and when evacuation should have been called for individual communities. Here, we
also compare the output of stochastic evacuation models vs. equivalent deterministic
models to estimate the value of the stochastic approach for uncertain future storms.

* Real-world impact: Ultimately, the success of this work depends on how it is adopted



by the U.S. Navy and the Aquidneck Island communities in their real evacuation
plans. Towards this end, results from our model and analysis will be shared with
installation and city planners involved in emergency management for Aquidneck
Island. This work will also be incorporated into an ongoing Military Installation
Resilience Review (MIRR) and supports analysis efforts led by the University of

Rhode Island (URI) to ensure coastal community resilience.

The remaining thesis is organized as follows. Chapter 2 reviews literature related to the
various types of evacuation models, focusing on evacuation models that include uncertainty.
Chapter 3 builds on past deterministic models developed for Aquidneck Island to develop a
stochastic program that can make evacuation recommendations under uncertainty. Chapter 4
presents two case studies for historical storms given current population and road data to
determine go/no-go decisions and evacuation routes. Chapter 5 presents our conclusions

and contributions for this work.
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CHAPTER 2:

| iterature Review

This chapter reviews models and decision tools that support evacuation plans. We con-
centrate on studies specific to Aquidneck Island communities and general literature that
explores how to incorporate hurricane uncertainty in evacuation models. We conclude with

specific methods that can expand past studies to consider uncertainty in go/no-go decisions.

2.1 Deterministic Evacuation Models and Decision Tools

The following evacuation models and decision tools address several pressing components in
evacuation plans, such as which regions should evacuate first, when to schedule evacuations
for each region, and the optimal travel routes for each region. However, these methods
either do not consider uncertainty about storm parameters and human behavior (i.e., require
perfect information), or require any known uncertainties to be dealt with in data processing
steps prior to making recommendations (e.g., via algorithms or heuristic methods). We
refer to models and tools with these characteristics as deterministic because uncertainties
are pre-processed before assigning go/no-go decisions, evacuation routes, and clearance

times.

2.1.1 HURREVAC

The tool for evacuation planning most commonly used by emergency managers across the
U.S. is the Hurricane Evacuation Decision Support Tool (HURREVAC). HURREVAC soft-
ware was developed by the partnerships of FEMA, the USACE, and the National Oceanic
and Atmospheric Administration (NOAA) National Hurricane Center (NHC). The software
provides Sea, Lake and Overland Surge from Hurricanes (SLOSH) outputs and interactive
maps that chart a hurricane’s track, wind speeds, and flood levels as well as inform emer-
gency managers of the time a community has to implement their hurricane evacuation plan
(Hurrevac 2021).

The main purpose of HURREVAC is to support decisions for safely evacuating a community

under a hurricane threat. For the emergency managers of Aquidneck Island, this tool is
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paramount to their decisions to evacuate or not. In its most common use case, an emergency
manager can access hurricane track information from the NHC and NOAA, determine a
safe time frame for declaring an evacuation, and combine decision times with best-track
info to determine when go/no-go decisions must be made for an oncoming storm. Due to
its wide adoption and easy integration with historical and real-time data sets, emergency

managers heavily rely on this tool to support their evacuation decisions.

However, there are limitations to the recommendations HURREVAC provides. The program
considers only historical evacuation studies that are not adaptive to the current number of
evacuees on island, for example military officers and families that might not have been con-
sidered in previous studies. Similarly, HURREVAC does not provide traffic levels and routes
for where vehicles should travel to evacuate. Taken together, ignoring these uncertainties
leads HURREVAC to overestimate the capacities of roads, resulting in unrealistic go/no-go
decision times. This critique is echoed by Yang et al. (2019), who argue HURREVAC
does not explicitly state a course of action, which is viewed as detrimental to evacuation

decisions.

For example, evacuation recommendations for Aquidneck Island are based on technical
studies with data from 2012 to 2015 (U.S. Army Corps of Engineers, New England District
2016). These recommendations do not include information from recent evacuation statistics
from hurricanes, which may lead to inaccuracies in the current evacuation recommendations.
Yang et al. (2019) also argues that HURREVAC allows for analysis of evacuation clearance
times based on the forecasted track of the hurricane, but cannot account for any uncertain
hurricane behaviors that may occur, such as changes to evacuation zones, road capacity, and
evacuation demand. These are integral pieces of information that would potentially reclassify
the unsafe areas during a hurricane, and the software does not effectively capture these
dynamic relationships in its analysis. In addition, Regnier (2008) remarks that HURREVAC
only performs a one-time decision that fails to identify improvements gained from reducing
evacuation costs and/or reducing clearance time. Moreover, it only considers limited lead
times for decisions that do not “motivate planning for evacuations initiated with less than

the designated lead time” already built-in to the software (Regnier 2008).
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2.1.2 Network Flow Models
Whereas HURREVAC supports go/no-go decisions, other models support vehicle routing

and egress. The most common models developed in the literature for this purpose are
network flow models. Network flow models are a mainstay of operations research (see
Ahuja et al. 1993, for an introduction and overview). With respect to evacuation, these
types of optimization models are often used to make decisions about routing, for example
from dangerous nodes to safe nodes through a network representing roads and intersections.
For example, Yuhas (2011) uses a network flow model to study the evacuation of multiple
counties in the Sacramento, California delta region during catastrophic flood, and Malveo
(2013) uses a network flow model to study the evacuation of multiple counties in Alabama

and Florida in support of hurricane planning.

Network flow optimization models typically require complete information about the net-
work, including its capacities and costs. For evacuation models, the routing decisions also
need to consider traffic congestion in order to minimize travel time and/or maximize through-
put for evacuees. In situations where information is incomplete, or when decisions have to

be made in real-time, this is particularly challenging.

One way to overcome these challenges is through the use of heuristic algorithms to pre-
process network data and model solutions. In general, heuristic algorithms provide “a
feasible solution derived from prescriptive analysis that is not guaranteed to yield an exact
optimum” (Rardin 1998). Ahuja et al. (1993) agree that these types of algorithms can
be used when network problems become too complex and computationally expensive.
Although heuristic algorithms allow analysts to recommend solutions to an optimization

problem, Rardin (1998) asserts that we lose a sense of certainty in our recommendations.

Heuristic Algorithm Example
A common approach is to combine a heuristic algorithm with a deterministic network flow
model. Here, we present one example of this approach applied to evacuation problems, as
developed by Lim et al. (2016).

Lim et al. (2016) propose a network pre-processing algorithm that obtains “the most up-
to-date evacuation network for developing an alternative path” when an evacuation route

is unsafe due to an incident. In order to reroute evacuees to different paths, the algorithm
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identifies the impacted evacuation routes and chooses alternative paths based on the flow
capacity of the roads (Lim et al. 2016). The algorithm requires information on which
routes will be impacted and the duration of time that these routes are unavailable (Lim
et al. 2016). Unfortunately, this is information that may not always be accessible during the

pre-processing steps.

Lim et al. (2016) further explain that this algorithm can be used in conjunction with a multi-
commodity network flow optimization model that maximizes the total number of evacuees
from sources and determines the alternative paths and their flow rates. The authors introduce
the idea of maximizing the number of evacuees that safely reach their destination instead
of minimizing the evacuation clearance time, an approach commonly used by evacuation
optimization models. Together, the algorithm and model provides alternative routes as well
as the length of time the alternative routes were used until the original route was restored.
Lim et al. (2016) conclude from these results that the combination of the algorithm and
optimization model efficiently determine the possible paths evacuees could use to avoid

delays during evacuation.

This deterministic model allows for dynamic changes in its evacuation plan through the
random selection of routes chosen to be unavailable at specific points in time. However,
there is no real uncertainty involved since information about the length of incidents on

different paths is known during pre-processing.

2.1.3 Network Models Applied to Aquidneck Island

Previous studies using network flow models for Aquidneck Island follow a similar approach
to Lim et al. (2016). Specifically, Jones (2021) develops a similar approach to minimize
the evacuation clearance time and identify optimal shelters using a time-phased traffic
assignment model. The model incorporated data for populations, the road network, and
evacuation destinations specifically tailored to Aquidneck Island and considered climate
change projections for vulnerable communities. The model determines the fastest route for
each at-risk community based on the capacity and traffic flow of the available roads to their

target destinations.

The model developed by Jones (2021) provides a basis for testing different hurricane

scenarios. For example, Jones (2021) used the model to study Hurricane Henri and provided
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clearance times for NAVSTA Newport in preparation for the storm. Still, model solutions do
not include uncertainties in the parameters. By using deterministic parameters, this solution
is less reliable in both short-term planning as hurricane tracks and size can change and

long-term planning to manage future climate change.

2.2 Sources of Uncertainty

Although there are aspects of evacuation that can be studied with deterministic models, the
data and variable assumptions made in these models restrict their ability to provide effective
recommendations. There are several sources of uncertainty that must be considered to
improve solutions, including uncertainty associated with the hurricane event and uncertainty

introduced in the act of modeling itself.

2.2.1 Forecasts

Emergency managers and local officials are faced with the primary decision of when to
evacuate, which depends on uncertain hurricane forecasts. As noted by Regnier (2008),
hurricane forecasts tend to increase in accuracy as the hurricane advances towards its
landing point. However, as the lead time narrows, the window that emergency managers
and local officials have to call an evacuation is considerably reduced, adding an immense
amount of pressure to the decision-makers. Regnier (2008) suggests that there must be a
balance between delaying the evacuation decision and increasing accuracy of the hurricane
forecast. As advised by Regnier (2008), “the solution will lie in making the best possible
use of available forecasts, taking into account their uncertainty, and balancing the lead time

required for completing evacuation against the information that can be gained by waiting.”

The timing of evacuations rely on the relationship between hurricane and evacuation behav-
ior (Lindell and Prater 2007). Specifically, a hurricane has different elements that determine
when an evacuation plan should be initiated. (Lindell and Prater 2007) explain how its
track determines where the hurricane will hit while the hurricane eye depicts how far its
conditions reach. There are 5 risk areas that correspond to the 5 intensity categories of a
hurricane (Lindell and Prater 2007). Based on these features, decision-makers can estimate
which risk areas need to evacuate, the length of time to evacuate the areas, and if they can

completely clear the risk areas before the storm hits. A hurricane’s track and radius of eye
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can estimate the hurricane’s arrival time as well as how an evacuation arc can estimate if
an evacuation plan can fully remove evacuees from risk areas based on the evacuation time

estimates before experiencing the impacts of the storm (Lindell and Prater 2007).

However, the timing of an evacuation plan is dependent on the hurricane’s behavior, which is
an uncertainty that needs to be quantified. A hurricane’s track, speed of approach, category,
and size can vary, which complicates the decision to evacuate or not (Lindell and Prater
2007). As shown in Figure 2.1, the decision to evacuate or not for an incoming hurricane
depends on the probability of the hurricane striking an area, which can be represented in a
decision tree (Lindell and Prater 2007).

Loss of Life | Credibility | Cost ($)

Strike
Evacuation ' '
No Strike

) 1
Strike
No Evacuation ' l '
No Strike
[ t [

Figure 2.1. Evacuation Decision Tree and Outcomes. Decision-makers must
decide to evacuate or not evacuate. However, this decision depends on the
strike probability, which is the chance that the hurricane will hit land. The
overall decision to evacuate or not impacts the number of lives lost, credibility
of the decision-makers, and the costs associated with evacuating. Adapted
from Lindell and Prater (2007).

Hurricane
Scenario

To elaborate further on the strike probability, Lindell and Prater (2007) explain that “the
National Hurricane Center’s maximum strike probabilities are 18% at 48 h, 25% at 36 h,

and 50% at 24 h” (Lindell and Prater 2007). Clearly, the strike probabilities are increasing
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as the lead time decreases. Based on the provided data, we can conclude that a low strike
probability indicates that there is a high likelihood of choosing not to evacuate. However,
this is a decision that is not always seen in evacuation decisions. Currently, local authorities
act cautiously and often revert to choosing an evacuation even if the hurricane has a lower

strike probability.

2.2.2 Hurricane Costs

The expected damages experienced from a storm inform the need to whether evacuation
or sheltering-in-place are the best decisions. Go/No-Go decisions are concerned with the
consequences from the evacuation decision itself and if the hurricane hits or not. Figure 2.1
shows the relationship between costs measured by the losses of life, the credibility of
the local authorities involved in the evacuation decision, and the costs associated with
evacuations (Lindell and Prater 2007). If the decision is made to evacuate and the hurricane
hits, casualties will occur but the number of overall lives lost will decrease (Lindell and
Prater 2007). In this case, the credibility of the local authorities will greatly increase while
the costs will increase dependent on the damage from evacuating. However, if an evacuation
is called and the hurricane does not land, there is a major loss to the credibility of the
decision-makers and increase in costs despite there being no lives are lost (Lindell and
Prater 2007). The worst case scenario is choosing to not evacuate if the hurricane hits,
which leads to outstanding increases in lives lost and costs while the credibility among local
authorities will significantly decrease (Lindell and Prater 2007). On the other hand, the best
case scenario is choosing not to evacuate and the hurricane does not land, resulting in no
lives lost, an increase in credibility and no evacuation or damage costs incurred (Lindell
and Prater 2007).

Building on this work, Lee and Kockelman (2021) provide a cost function capturing uncer-

tainty in an evacuation for an approaching storm:
Cuije = Woiji + |P; — Ayijil. (2.1)

Here, Cy;j; is “the evacuation cost of vehicle v departing from i to j at time #” (Lee and
Kockelman 2021). The evacuation cost function consists of the travel time of a vehicle W,;;;,

the vehicle’s time of departure A,;;, which is derived from a Poisson distribution, and the
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start time of the natural disaster ®; (Lee and Kockelman 2021). The uncertain parameter in
this function is ®;, where the difference between ®; and A,;; estimates the additional costs

incurred when evacuation is called too early or too late for a threatening storm.

In contrast to Lee and Kockelman (2021), where costs are only measured for a single,
approaching storm, Regnier (2008) introduces a cost function called the False Alarm Rate
(FAR) which is based on Markov decision models and historical hurricane tracks. The FAR
is a function meant to measure of the quality of the forecast that includes a “decision rule
used to determine whether a given strike probability will trigger an evacuation” (Regnier
2008). The author uses the FAR to define the trade-off between a possible false alarm and
the threat of failing to evacuate on time. The author applies these concepts to different
locations, and the results generally indicate that the FAR decreases as lead time shortens.
This generates function that increases as a storm approaches and simulates the knowledge
emergency managers have for hurricane evacuations. This allows for a better understanding

of the risks present at a specific point in time in the evacuation decision process.

2.2.3 Models

The act of creating a model also introduces uncertainty in and of itself. Model uncertainty
can exist in various model elements: parameters, data, objective functions, etc. Because
there are several different ways to structure an optimization model and its inputs, Reilly
et al. (2021) specifies that there needs to be careful considerations of specific system
uncertainties that will impact the model design and the uncertainties in the model outputs.
Since system and modeling uncertainties influence each other, this relationship provides a
better understanding of the limits of a model used and identifies the crucial uncertainties to

consider in a model (Reilly et al. 2021).

2.3 Optimization Under Uncertainty
This section reviews the most common methods to incorporate uncertainty in optimization

models and their use for different transportation and evacuation problems.

18



2.3.1 Stochastic Programming

Stochastic programming is one form of optimization that incorporates uncertainty in its
objective, variables, parameters, and/or constraints. The goal of a stochastic program is
solve for expectations of parameters, rather than known values. For example, a stochastic
evacuation model might solve a network flow problem for an uncertain number of evacuees
represented by an expectation from a probability distribution (e.g., mean, median) rather

than a known quantity.

Several authors have used stochastic programs to support hurricane evacuation. For example,
Wang et al. (2016) discusses how uncertainty on different time phases plays an important
role in understanding the speed of emergency responsiveness. As shown in Figure 2.2, it
takes time to start the evacuation process after a natural disaster hits. Wang et al. (2016) show
that evacuation models focus mainly on the egress time because it is difficult to accurately

estimate individualistic responses.

. . Evacuees recognize  Evacuees decide  Evacuees move
Disaster occurs in &
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Figure 2.2. Time Periods During an Evacuation. Evacuation planning needs
to consider three different time periods: cognition time to recognize the need
to evacuate, decision time to choose to evacuate, and egress time leaving
dangerous areas for safety. Due to the difficulty to estimate cognition and
decision time, the majority of evacuation models only consider egress time.
Source: Wang et al. (2016).

Wang et al. (2016) develop a stochastic programming problem with side constraints and
present three evacuation models, each with different objective functions, that aim to find

evacuation routes and execute evacuation plans shortly after disaster. Because the capacity
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of roads decrease as travel time increases when the disaster magnitude increases, the authors
consider a fixed upper bound on the distance in the side constraints. In their network model,
the capacity constraint limits the number of evacuees on a link and can be relaxed with
a probability confidence level, “which is determined according to the decision makers’
preferences” on risk while the side constraints “[guarantee] that the resource of generated
path is within the predetermined upper limit”. The authors offer multiple objective functions
that capture the decision-maker’s attitude which influences the resulting evacuation plan.
It is important to realize that evacuation plans can be sensitive to the decision-maker
implementing evacuation plans, suggesting that there is uncertainty in which uncertain

parameters will be addressed in the model.

Wang (2020) implements a “two-stage stochastic programming model that considers both
a priori (pre-disaster) and adaptive (post-disaster)” plan to evacuate the public, depending
on the roads impacted. Using a min-cost flow strategy, the author describes that the first
stage has probabilistic link capacities and travel time while the second stage determines
the evacuation plan based on the probabilities. Wang (2020) states that the uncertain flow
and capacity must be met before the robust evacuation plan is executed. With this problem,
real-time data can be used to influence the evacuation plan, demonstrating the robustness
in the plan. While the current model lacks some complexity, the model conveys the idea of

administering evacuation plans before the disaster.

2.3.2 Cardinal Robust Optimization

An extension of stochastic programming considers situations where specific bounds, uncer-
tainty sets, or perturbations to the network are more relevant for decisions than expectations.
In these situations a perturbation set and/or designated level of robustness is provided in
model solve, creating a robust optimization model (Sharkey et al. 2021). Here, the goal
of robust optimization is to provide a solution that achieves evacuation goals within a set
tolerance. An example of a robust evacuation model would be one that solve a network flow

problem given a set of roadway perturbations that may happen and lead to rerouting.

Bertsimas and Sim (2004) developed one of the earliest and most prevalent methods for
robust optimization called cardinal robust optimization. This generic approach deals with

uncertainty in data through the use of a I' parameter, which determines the number of
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changes to the coefficients and the level of robustness included. Bertsimas and Sim (2004)
explain that the I' parameter manages the degree of conservatism in the solutions, since the
areas of uncertainty are chosen. In short, there is a “probabilistic guarantee that even if more
than [I"] change, then the robust solution will be feasible with high probability” (Bertsimas
and Sim 2004). Although there are limits to the amount of uncertainty, this technique allows

for more flexibility with robustness and maintaining a deterministic ally feasible solution.

Several authors have employed a cardinal robust optimization approach in models relevant
for evacuation planning. For example, Sun et al. (2021) implement a bi-objective robust
optimization model that allocates and transports resources to emergency facilities after an
earthquake using this method. Specifically, the authors set model conservatism on uncer-
tainties in the number of casualties, medical supply demand, and casualty transportation
time. Sun et al. (2021) discuss that the model focuses on the minimizing casualties, send-
ing various forms of transportation, such as helicopters to deliver supplies to temporary

facilities or hospitals, depending on the classification of the causality cluster.

Yahyaei and Bozorgi-Amiri (2019) employ a cardinal robust optimization approach to solve
arelief logistic network when probabilities of disruption of distribution centers and uncertain
demand exist. After analyzing the results, Yahyaei and Bozorgi-Amiri (2019) indicate that a
randomly-generated disruption probability allows us to understand how uncertainty impacts
the relief network and how responsive the plan is to these changes. The authors argue that
the incorporation of these probabilities supports efforts in creating a formulation for the

uncertainty of hazards in different evacuation environments.

Similarly, Kulshrestha et al. (2011) include an uncertainty budget set to account for the
demand uncertainty, the uncertain number of evacuees that need public shelters in a robust
shelter location model. The authors state that one of the main assumptions to this model is
that authorities predetermine the number of shelters, their locations, and their capacities. The
authors develop a model that minimizes the cost of operating the shelters and uses a cutting
plane algorithm to solve a restricted robust shelter location model. After using this model on
the Sioux Falls network, the authors indicate that the robust approach is “100% reliable in
satisfying the evacuee demand and meeting the travel time requirement” in the worst-case
scenario (Kulshrestha et al. 2011). Using this method, a solution will be guaranteed to

work even in the worst possible situation, which is unattainable in a deterministic model.
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There are clear benefits to using a robust approach to handle uncertainty, but this model
presents exchanges that must be considered. In this case, the robust solution produced the
most expensive plan but was the most reliable. Ideally, we want a formulation of a robust
evacuation model that would provide recommendations with a better balance to risk and

costs.

2.3.3 Chance Constraints

In some cases, the uncertainty in an optimization can be captured entirely in the constraints.
Moreover, the goal of the optimization is to find a solution that ensures a tolerance to a
certain level of uncertainty in constraint values. Models that take this form are referred
to as using chance constraints. There are several examples of chance constraints used in

evacuation planning.

Vogiatzis et al. (2013) form two models: a vehicle routing problem and a time-sensitive
maximum network flow problem to create a vehicular evacuation plan that will transport as
many livestock as possible from a catastrophic event, such as a nuclear power plant disaster.
Vogiatzis et al. (2013) describe that their maximum network model uses the following

constraint,

D Rz YR, 2.2)

I (i,j)eA I (i,j)eA

which uses probabilities to determine the operational level of a route at a given time ¢. Here,
flt ; is a decision variable that represents the number of livestock at arc (i, j) at time ¢ and
pﬁ’j is “the known probability that arc (i, j) € A will be available at time #” (Vogiatzis et al.
2013).

Using a probabilistic tolerance allows for understanding of when and which routes become
nonfunctional. By deriving probabilities from previous data, we obtain a more realistic
approach that can predict the likelihood of a route becoming unavailable based on data that
we know rather than relying on other metrics to determine unusable routes. For the most
part, Vogiatzis et al. (2013) use heuristic methods on an integer problem and not a robust
formulation. However, the model presents another technique to use to deal with availability

of routes in a disaster.
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Additionally, Lim et al. (2019) restructure a deterministic path-based model and incorporate
robust chance-constraints in a robust chance constraint program to account for demand
uncertainty in which the constraints are satisfied by a predetermined confidence level. Lim
et al. (2019) demonstrate that the probability distribution of the demand must be known in
order to solve a deterministic reformulation with a constraint where “the desired probability

level [is] imposed individually on each constraint” (Lim et al. 2019).

When the probability of distribution is unknown, Lim et al. (2019) use “a robust tractable
approximation that can be used when only the mean, variance, support, and/or symmetry
information is available for the underlying random demand.” Lim et al. (2019) recommend
three robust chance constraint program propositions that describe the family of probability
distributions to derive a robust linear approximation of the uncertain demand, S;, which is an
estimation of the demand at each source node to achieve the chosen feasibility. After using
the shortfall determination algorithm, Lim et al. (2019) find that the robust chance constraint
programs result in longer evacuation clearance times and conservative solutions when there
are uncertain demand distributions. In Lim et al. (2019)’s robust chance constraint program
approach, the model addresses uncertainty in the starting time of the evacuation plan since
the programs generate long clearance times. Again, the probabilistic approach attains high-
quality evacuation plans with minimal information. This approach is especially practical for

evacuation planning, considering how often information is not always readily available.

Liang et al. (2019) recommend a two-stage stochastic programming model that includes
chance constraints on the uncertain evacuation demand and a risk measure to aid in min-
imizing the total clearance time and determine the shelter locations. Liang et al. (2019)
mentions the commonly used U.S. Bureau of Public Roads (BPR) function in evacuation
models that estimates traffic times “where #(x) is the travel time when the traffic volume on
the road is x, ¢ denotes the maximum flow capacity, ¢° is the free-flow travel time at zero

volume” (Liang et al. 2019):
_ 40 Y
1) = °1+y(2)P). 23)

By creating an expectation-based objective function with the BPR function, Liang et al.
(2019) propose that a risk measure can be applied in conjunction to evaluate the conserva-

tiveness of the solution. This model includes several components that measure and include
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uncertainty. The risk measure is valuable to the model and allows for customized evacuation

plans.

2.3.4 Multistage Robust Optimization

Although robust optimization usually finds a solution for the worst-case scenario, there are
several approaches to address uncertainty in all types of optimization models. In general
robust optimization problems, uncertainty sets are used to capture the uncertainty in the
data. By creating robust counterparts, we obtain an equivalent deterministic optimization
model to solve. For multi-stage optimization problems, Gorissen et al. (2015) illustrates that
an adjustable robust optimization can be used to allow for adjustment in decision variables
at another point in time, depending on a decision rule based on a function of the uncertain
data. Both techniques require uncertainty sets that capture the robustness in the variables

and feasibility.

Building off of an integrated scenario-based evacuation formulation, Yang et al. (2019) add
inland flooding to the framework. Yang et al. (2019) argue that the combination of coastal
flooding, inland flooding, and wind is integral to include in this type of framework to capture
the uncertainties from hurricane behaviors and other collateral impacts from hurricanes.
Generally, Yang et al. (2019) demonstrate how this technique: develops the probabilistic
scenarios that can occur, uses a tree to represent the uncertainty at each time step, and
applies this data to a multistage stochastic programming model. After applying the model
to Hurricane Matthew in North Carolina, the authors conclude that the inclusion of inland
flooding demonstrates that dangers can materialize at any point in time and recommendations
need to account for these consequences (Yang et al. 2019). This formulation manages
uncertainty through its analysis of how decisions can change over time based on specific

elements.

Public Transportation Evacuation Models

Because of uncertainty in the number of evacuees, Gao et al. (2019) propose a robust
two-stage configuration: the first stage determines the designated pick-up points while
“[minimizing] the total walking time of the evacuees”, and the second-stage aims to “mini-
mize the total transit-based transportation time and minimize the total number of vehicles

simultaneously to satisfy the time-window contain in each of the pick-up points” (Gao et al.
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2019). Gao et al. (2019) explain that the first-stage is solved by a hybrid genetic algorithm
while the second-stage uses an interval/roundtrip-based routing and scheduling heuristic
algorithm. Gao et al. (2019) observe that one of the bigger concerns in evacuation model-
ing is obtaining the distribution for the number of evacuees. Gao et al. (2019)’s approach
addresses this concern by determining pick-up points in the first-stage problem instead of
predetermining these points. The solution also minimizes resources, such as the number of
vehicles used (Gao et al. 2019). By using two-stages, a higher number of objectives and

uncertainties can be incorporated into the models.

Robust Bus Evacuation Problems

Mass public transportation should be considered in evacuation plans for those who do not
have access to their own automobile and rely on public transportation. The strategies for bus
evacuation plans account for the uncertainty inputs of the number of evacuees and assist in

developing changes to decisions and information over time.

In Goerigk and Griin (2014)’s approach for a robust bus evacuation problem, a mixed-
integer linear program and robust two-stage model that minimize the longest travel time
for all buses for a route are introduced. Goerigk and Griin (2014) explain that the objective
of these models is to account for the uncertainty in the number of passengers and when
buses should leave based on what information is known. Goerigk and Griin (2014) identifies
that a tabu search heuristic algorithm would allow this model to avoid revisits to previous
solutions, contributing in the construction of the bus route. After an analysis of the results
for randomly generated instances and on the military concentrated city of Kaiserslautern,
Germany, Goerigk and Griin (2014) suggest that this formulation coordinates an evacuation
plan that can be used if communication is lost. By including uncertainty in the type and
number of buses in this model, the model enables manpower to respond quickly in situations

where information may be unavailable.

Goerigk et al. (2015) present a robust bi-criteria two-stage evacuation model that contin-
uously updates bus schedules based on the uncertainties in travel times, the number of
evacuees, and the number of buses. By considering multiple uncertain elements, a more
realistic and specific solution can be obtained for different scenarios. The formulation eval-
uates the worst possible evacuation time and the number of changes to the bus schedule

(Goerigk et al. 2015). From analyzing the results on the city of Kaiserslautern, Germany,
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we conclude that this formulation supports several uncertainties that allow for changes
in a scheduled evacuation plan. Handling uncertainty in this way reinforces the idea that

complexity is essential in large-scale evacuation plans.

Pourrahmani et al. (2015) also consider uncertainty in public transportation by introducing
uncertain demand as a fuzzy variable in a vehicle routing problem. By using the fuzzy
credibility theory, Pourrahmani et al. (2015) demonstrate that their model will not suffer
computationally and the uncertain parameter can be estimated based on previous infor-
mation. Pourrahmani et al. (2015) argue that the fuzzy variables, which are the uncertain
demand at each pick-up point, allow for greater uncertainty due to the lack of hard bound-
aries. However, the model predetermines evacuation routes, leading to failures that increase
travel time. The model does not consider routes for public buses at individual time steps

and is unable to account for the uncertainty in road availability.

2.3.5 Other Probabilistic and Bayesian Methods

As expressed by Wiesemann et al. (2014), robust optimization approaches that solve the
robust counterpart and stochastic programming often yield too conservative solutions and
do not contain “ambiguity (exposure to uncertainty about the probability distribution of the
outcomes).” Since data is not always guaranteed to be accurate, Wiesemann et al. (2014)
incorporate the decision-makers’ attitude towards uncertainty and introduce the distribu-
tionally robust counterpart in which there is an ambiguity set of probability distributions that
are uncertain. Using robust expectation constraints in distributionally robust optimization
problems paves the way for the use of other techniques to create solvable linear programs.
Wiesemann et al. (2014) introduce several methods to incorporate the decision-makers’

objectives and directly address the uncertainty in the probability distributions of the data.

Liu et al. (2021) present a Dynamic Bayesian Network-Based Real-Time Crash Prediction
Model (DBN-RTCPM) that predicts traffic crashes on segments of roads in urban express-
ways based on their likelihood of occurrence for short time intervals. Liu et al. (2021)
describes that the DBN-RTCPM highlights how dynamic traffic flows are and the com-
plexity from the coupling interdependency present. The analysis suggests various metrics
to understand the model performance and accuracy of real-time crash predictions. Overall,

Liu et al. (2021) recognize the various interactions among factors and the complexity it
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adds to the problem when solving.

2.4 Our Contribution

This chapter identifies deterministic models, sources of uncertainty, and optimization meth-
ods to make evacuation decisions. Our review of the literature reveals several key tensions

that need to be reconciled to support evacuation planning for Aquidneck Island:

* current methods used by NAVSTA Newport and Aquidneck Island communities for
evacuation planning are based on deterministic models and data;

* deterministic models cannot consider uncertainty involved in hurricane evacuation
planning, that can stem from forecasts, expected costs, and model development;

* there are several standard methods that can incorporate uncertainty in optimization
solutions that serve different purposes;

* the majority of optimization models are used for long-term planning (e.g., shelter
placement, egress) rather than real-time decisions (e.g., go/no-go decisions); and,

» few optimization models that include uncertainty are studied using real data for real

communities.

Our contribution is to address these tensions by building on existing deterministic mod-
els developed for Aquidneck Island and extending their formulation to support stochastic
and robust solutions. The goal is to consider existing network flow models based on real
community data and uncertainties associated with real storm forecasts. The output of the
models is to support go/no-go decisions, rather than long-term planning decisions. Thus,
our proposed work blends each area to advance evacuation planning capacity for Aquidneck
Island.
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CHAPTER 3:
Methods

We develop methods to study go/no-go decisions for Aquidneck Island communities, includ-
ing military installations and service members. Our methods incorporate a mix of detailed
hurricane modeling and synthetic forecasts to measure storm uncertainty. Given the up-
dated methods we develop here, we are specifically interested in answering the following

questions:

* Would historical storms that impacted Aquidneck Island have led to evacuations?

* If yes, how many vehicles would likely evacuate given current population estimates?
And,

* What routes would these evacuating vehicles take to ensure optimal routing and

clearance times?

Our methods to answer these questions are organized in the following analysis tasks com-

pleted in order:

1. Synthetic Forecasts of Historical Storms: We collect data on historical hurricane
forecasts and wind profiles and generate synthetic forecasts that match information
commonly presented to real-world decision-makers.

2. Identifying the Most Dangerous Strike Region: Using a parametric wind model
and synthetic tracks, we determine the region in space that, if a hurricane were to pass
through, would be dangerous for Aquidneck Island. For the purposes of this work, we
define the “most dangerous region” as the locations where storm would cause closure
of bridges and prevent an island-wide evacuation.

3. Hurricane Strike Estimation: Using synthetic forecasts and a stochastic hurricane
model, we estimate the probability that historical storms would “strike” Aquidneck
Island in the dangerous region. These strikes are assumed to require evacuation.

4. Expected Evacuation Demands: We combine strike probability with common go/no-
go decision time windows to estimate stochastic evacuation demands produced by a
synthetic forecasts.

5. Optimal Evacuation Routing: We solve a network flow problem to determine opti-
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mal routing and clearance times given stochastic evacuation demands.

Each of these analysis tasks consists of a series of subtasks presented below. Completion
of these tasks required broad expertise in hurricane and evacuation modeling that brought
together a multi-university team from the Naval Postgraduate School (NPS) and URI. In
general, Analysis Tasks 1 and 2 were completed in part by the NPS team and by researchers at
URI led by Dr. Isaac Ginis and Deborah Crowley. Analysis Tasks 3, 4, and 5 were completed
by the NPS thesis team. Throughout this chapter, we denote the team that completed each

analysis subtask for this work.

Unless otherwise stated, we use the open source tools based on the Python programming
language to conduct analyses (Rossum et al. 2009). We use QGIS software for data man-
agement (QGIS Development Team 2022), GeoPandas (GeoPandas 2022) and turfpy
(Turfpy Development Team 2005) in Python to modify and generate geospatial data for
the hurricanes, Pyomo (Hart et al. 2011) to construct evacuation models in Python, CPLEX
(IBM ILOG CPLEX 2009) optimization studio to solve models, and Plotly in Python to

visualize the immediate and final results (Plotly Technologies Inc. 2022).

3.1 Synthetic Forecasts of Historical Storms

The first step towards stochastic evacuation modeling is to develop synthetic hurricane
forecasts. A synthetic forecast consists of realistic estimations of a storm size, intensity, and
approach, which are the key storm parameters emergency managers use to decide go/no-
go evacuation. As described in Ch. 2, synthetic forecasts can be made using a diversity
of methods, from drawing a track by hand to using models such as stochastic models in
Regnier (2008) and physics-based models in Snaiki and Wu (2020). For the purposes of
this work, we want our synthetic tracks to be based on real storms that impacted Aquidneck

Island. We complete the following analysis subtasks to generate a synthetic forecast:

1. Acquire historical storm track data for storms that affected Aquidneck Island (NPS,
URI); and,

2. Develop synthetic storm tracks for possible storm tracks that could have happened for
each historical storm. We generate these tracks based on the NHC cone of uncertainty

(described below) and worst-case strike location for Newport Bridge (NPS).
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3.1.1 Historical Storm Track Data

For the synthetic tracks, we strategically choose different types of historical hurricanes that
impacted the New England area to determine the range of evacuation decisions that could
be made. Specifically, we want to analyze hurricanes that were the most damaging to the
region and had the most powerful winds. For this reason, we choose to conduct our analysis
for two major storms that impacted Aquidneck Island: Hurricane Bob (1991) and Hurricane
Gloria (1985). We choose these events as they are some of the most destructive storms
on record that have data available in the NOAA hurricane database HURDAT?2 (National
Oceanic and Atmospheric Administration 2022b).

Hurricane Bob (1991): We study Hurricane Bob because it caused significant destruction in
Rhode Island and approached the region very quickly compared to recent storms. Figure 3.1
presents the actual track Hurricane Bob took in 1991. Hurricane Bob was a surprisingly fast
storm and only took 90 hours to directly hit Rhode Island from when it first formed (National
Oceanic and Atmospheric Administration 2022a). Not only did the storm quickly gain
strength, historical data recounts that Newport faced wind gusts up to 115 mph that damaged
the homes of the coastal community (National Oceanic and Atmospheric Administration
2022a). Thus, by using Hurricane Bob as source data, we can understand the worst-case
scenario in terms of evacuation for when a hurricane track is on course to directly hit Rhode

Island with limited lead time to make a decision.
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Figure 3.1. Track of Hurricane Bob (1991). This figure depicts the best
predicted track for Hurricane Bob. The hurricane spanned from August 16,
1991 to August 20, 1991 forming in the Caribbean and dissipating near the
coast of Spain. It made landfall in Rhode Island on August 19, 1991. An
estimate for the location of Aquidneck Island is circled in red. Adapted from
National Weather Service (2022a).

Hurricane Gloria (1985): Additionally, we use Hurricane Gloria from 1985 to simulate
forecasts since this hurricane also produced strong winds and resulted in significant damage
for Aquidneck Island communities (Ambrose 2021). Figure 3.2 shows the track taken by
Hurricane Gloria. Hurricane Gloria’s approach spanned across multiple days, resulting in

more time to react than Hurricane Bob.
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Figure 3.2. Track of Hurricane Gloria (1985). This figure depicts the best
predicted track for Hurricane Gloria. The hurricane spanned from September
15, 1985 to September 28, 1985, forming between Africa and South America
and dissipating south of Greenland. It made several landfalls across the East-
ern United States, including Long Island and Connecticut, impacting Rhode
Island, on September 27th. An estimate for the location of Aquidneck Island
is circled in red. Adapted from National Weather Service (2022b).

3.1.2 Synthetic Storm Tracks Based on the Cone of Uncertainty

For each hurricane, we generate synthetic tracks based on the NHC cone of uncertainty. The
cone of uncertainty is a measure of forecast uncertainty based on historical track forecast
error, where “the entire track of [a] tropical cyclone can be expected to remain within the
cone roughly 60-70% of the time” (National Hurricane Center 2022a). Figure 3.3 presents
an example of a cone of uncertainty provided by the NHC to emergency managers for the
recent 2020 named hurricane Laura. Note: similar images for Hurricane Bob and Gloria do

not exist because the storms predate its use.
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_g@ ',_Note: The cone contains the probable path of the storm center but does not show 34 (
il } ¥, the size of the storm. Hazardous conditions can occur outside of the cone.
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Figure 3.3. Cone of Uncertainty Example. The cone of uncertainty for Hur-
ricane Laura (2020) on Tuesday, August 25, 2020 at 10:00 AM. The cone
provides an estimate of possible areas that the track could travel at specific
times in the future. Source: National Hurricane Center (2022b).

The NHC cone of uncertainty is comprised of increasing forecast errors given in distances
from predicted track (in km) at specific time intervals from the current storm position. As
described in Ch. 2, forecast error increases wit