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Executive Summary 
 

Recurrent tidal flooding (RTF)—sometimes referred to as “nuisance flooding,” “sunny 

day flooding,” or “high tide flooding”—occurs when high tide waters overtop roads and 

sidewalks or rise up through storm drains, causing minor flooding in coastal towns and cities. 

Sea level rise, as a result of climate change, raises the baseline water level near coastal cities, 

making flooding during high tides more likely. Decades of tide gauge monitoring data reveal that 

the number of days in which cities experience RTF has been increasing due to rising seas, and 

this trend is projected to accelerate as climate change becomes more severe. 

While framed as a “nuisance” or minor public inconvenience, this flooding can damage 

coastal infrastructure (e.g. roads, sidewalks, pipes) and lead to high cumulative costs for towns 

and cities. Furthermore, flooding on roadways can alter traffic patterns, leading to bus route 

delays and cancellations and interrupting the normal flow of commerce and daily life for 

residents. Delays and cancellations of public transit services are especially detrimental to 

residents without other means of transportation.  

 This report outlines and tests a novel methodology, using publicly available data, to 

assess transportation vulnerability to recurrent tidal flooding. This analysis focuses on 

identifying roads, public transit infrastructure (i.e. bus stops and routes), and populations (at the 

Census Block Group level) that may be exposed to RTF. It also seeks to assess whether RTF has 

entered the consciousness of city planners, who are responsible for envisioning the future of their 

communities. This is an exploratory analysis using two RTF-prone coastal cities—Charleston, 

South Carolina and Annapolis, Maryland—as case studies. 

 First, this report provides a more detailed overview of recurrent tidal flooding, including 

past trends and future flooding projections. Past studies assessing the potential infrastructure 

costs and social impacts of RTF are also reviewed. An overview of the key concepts of physical 

and social vulnerability, as well as background on the field of city and regional planning, is 

provided.  

 Next, this report provides a detailed description of the methodology developed for this 

analysis, including the history of how the study and methodology were developed. This includes 

a more detailed overview of the acquisition and preparation of the publicly available data used. 

Geospatial analysis was performed to identify vulnerable infrastructure and populations in 
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Charleston and Annapolis, and spatial statistics were calculated to determine the significance of 

potential transit disruptions on transit-dependent populations. Additionally, an analysis of 

planning documents from the two cities and their surrounding regions was performed to 

determine the presence and extent of climate change considerations in long-range planning.  

 This analysis was successful in developing and piloting an exploratory methodology for 

assessing transportation vulnerability to recurrent tidal flooding. While the physical vulnerability 

of roads and bus stops is low in Charleston, SC and Annapolis, MD (less than 2% of roads and 

stops vulnerable in either city), as many as 70% of bus routes in Charleston and 40% of bus 

routes in Annapolis could experience flooding during high tide events. Furthermore, over 66% of 

Block Groups in Charleston and 27% of Block Groups in Annapolis are served by one of these 

bus routes that are vulnerable to RTF. In Charleston, statistical analysis revealed that 10 of these 

Block Groups have a high percentage of residents who use the bus system to get to work, 

suggesting that RTF-induced bus disruptions in Charleston may disproportionately impact 

transit-dependent residents. Analysis of planning documents suggests that these cities have 

begun thinking generally about climate change and sea level rise, yet neither city has made 

substantial linkages between climate hazards and transportation infrastructure impacts.  

 
Based on these results, this report makes several recommendations for refining and 

expanding this methodology:  
• Improve the input data used for identifying the location and extent of the recurrent tidal 

flooding hazard.  
• Improve methods for identifying vulnerable transportation infrastructure features.  
• Assess a broader suite of socio-demographic variables at different spatial scales. 
• Conduct advanced network analyses of transportation systems to better understand how 

traffic delays and transit disruptions would reverberate across the city. 
• Evaluate a broader range of planning documents at different spatial scales. 

 
This report also makes several recommendations to cities and stakeholders for responding 

to the recurrent tidal flooding hazard: 
• Conduct additional research and analysis (e.g. ground-truthing) on the locations identified 

as potentially vulnerable to recurrent tidal flooding.  
• Educate communities about their natural hazard vulnerability.  
• Incorporate climate vulnerability assessments into all relevant planning documents.  
• Commit to participatory planning with residents and communities when planning for 

climate change adaptation.  
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Abstract 
 

Despite the moniker of “nuisance flooding,” the recurrent flooding of coastal cities 

during high tides poses risks to people and property that extend beyond minor inconveniences. 

The frequency of this recurrent tidal flooding is expected to increase as sea levels rise. Using 

publicly available data, this study develops a methodology to assess local vulnerability of coastal 

cities’ transportation infrastructure and residents to tidal flooding. Geospatial analysis methods 

identify roads, public transit infrastructure, and socially vulnerable populations with potential 

physical exposure to flooding, while an evaluation of local planning documents suggests a lack 

of preparedness for coastal flood hazards. Recommendations for improving and expanding upon 

this exploratory methodology are provided, as are recommendations to local officials and 

stakeholders for reducing risk in the face of this growing hazard. 
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Introduction 
Of the many impacts of climate change, sea level rise (SLR) is recognized as one of the 

most pressing global threats. According to a 2017 review of peer-reviewed literature and analysis 

conducted by scientists at the U.S. National Oceanic and Atmospheric Administration (NOAA), 

the global mean sea level could rise 0.3 – 2.5 meters (0.98 – 8.20 feet) by 2100, depending on 

global greenhouse gas emissions. All coasts of the continental United States are projected to see 

0.3 – 1 meter (0.98 – 3.28 feet) more SLR than the global average if high rates of greenhouse gas 

emissions continue (Sweet et al. 2017). Already, the U.S. East Coast is experiencing increases in 

the rate of relative SLR that are three to four times the global average, due to regional land 

subsidence and ocean currents (Sallenger, Doran, and Howd 2012). SLR is often discussed and 

studied in relation to its potential effects on future extreme events, such as contributing to greater 

flooding from hurricanes (Ezer and Atkinson 2014; Moftakhari et al. 2017). However, the effects 

of SLR are already being felt in the absence of these extreme, yet rare, storm events.  

Many areas around the country currently experience a phenomenon known as recurrent 

tidal flooding (RTF), nuisance flooding, high tide flooding, or sunny-day flooding (Sweet and 

Marra 2015). This occurs when water levels exceed local thresholds for minor flooding without 

the influence of rainfall or storm surge (Sweet et al. 2014), and results in effects such as road 

flooding (potentially causing traffic delays and closures) and storm drain backups (National 

Oceanic and Atmospheric Administration 2016). While framed as a “nuisance” or a minor public 

inconvenience, this flooding can damage infrastructure and can lead to high cumulative costs 

(Moftakhari et al. 2017).  

 Recurrent tidal flooding is not a new problem, but its frequency has been accelerating 

over the past decades (particularly since the 1980s) due to higher baseline water levels caused by 

SLR (National Oceanic and Atmospheric Administration 2016). This trend of increasing RTF 

occurrences is projected to continue (Sweet and Park 2014), but the effects of this flooding on 

people and places are not well understood.  

 For this Master’s Project, I develop a novel methodology to assess local vulnerability of 

coastal cities’ transportation infrastructure (roads and bus services) and residents to recurrent 

tidal flooding. In my analysis, I pilot this methodology to assess vulnerability and preparedness 
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in Charleston, South Carolina and Annapolis, Maryland—two U.S. cities that are already 

experiencing high frequencies of recurrent tidal flooding (Sweet, Marra, and Dusek 2017).  

Literature Review 
 Recurrent tidal flooding has attracted the attention of researchers across the country who 

are assessing the impacts and future risks to the natural and built environments. NOAA has done 

recent work on RTF to better understand historic and potential future trends of this problem. 

NOAA uses tidal data from the National Water Level Observation Network—a series of tidal 

gauges operated by local Weather Forecasting Offices of the NOAA National Weather Service. 

These gauges collect hourly tidal data, which can be used to assess the duration and frequency of 

tidal events that exceed certain thresholds (Sweet et al. 2014). Each local Weather Forecasting 

Office determines water levels that meet the criteria for minor, moderate, and major flooding. 

These flooding thresholds are community-specific and are based on historical flood observations 

and take into account local flood defenses.   

By examining 45 coastal U.S. cities that had at least 30 years of continuous tidal data, 

NOAA researchers (Sweet et al. 2014) found that the number of days and number of hours in 

which water levels exceeded minor flooding thresholds has increased around the United States. 

Due to local relative SLR—caused by a combination of rising waters and sinking land—a higher 

baseline water level means that tidal flooding can occur more easily. This leads to the higher 

frequency of observed RTF events in this region. 

 The frequency and rate of recurrent tidal flooding events are increasing around the United 

States. Tide gauge data reveals that in the mid-20th century, the average return interval of a tidal 

flooding event was 1-5 years; in 2012, the average return interval was approximately three 

months (Sweet et al. 2014). At some tidal gauge locations on the East Coast, hourly duration of 

minor tidal flooding increased by 200-600% after the 1990s, as compared to flooding duration 

from before the 1970s (Ezer and Atkinson 2014). The duration and frequency of RTF is 

increasing due to the shrinking gap between the Mean Higher High Water (MHHW) line and the 

threshold for minor tidal flooding (Sweet et al. 2014). 

 Sweet and Park (2014) identify two criteria for defining “tipping points” for recurrent 

flooding. One definition is a shift from a linear increase in flood threshold exceedances to an 

exponential exceedance rate. For some locations, this tipping point had already been reached. 
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The other method used to define an RTF tipping point is based on observations: greater than 30 

days per year (approximately 12% of days) or more than 720 hours per year are both considered 

thresholds for tipping points. The authors acknowledge that these numbers are somewhat 

arbitrary and can be altered to reflect local conditions. In any case, the tipping point values 

should reflect the local ability to cope with the impacts of RTF (Sweet and Park 2014). 

 To predict future trends in RTF rates, Sweet and Park (2014) used SLR projections from 

Kopp et al. (2014) under three climate change scenarios that account for local conditions. Using 

a sample of 27 tide gauges, they found that regardless of whether local relative SLR is linear or 

exponential, RTF rates will increase exponentially. Under all three climate scenarios modeled, 

most locations will reach the tipping point of 30 nuisance flooding days per year by 2050, and all 

locations will surpass this tipping point before 2100, a date commonly used in SLR planning. If 

the “business as usual” climate scenario (Intergovernmental Panel on Climate Change’s RCP 

8.5) materializes, the majority of locations will reach the tipping point by 2030 (Sweet and Park 

2014). 

 Since 2015, NOAA has published a yearly report documenting the latest findings in its 

tide gauge research, as well as a brief summary of observed flooding in 27 cities (28 cities 

beginning in the 2016 publication) (Sweet and Marra 2015, 2016; Sweet, Marra, and Dusek 

2017). Charleston, South Carolina and Annapolis, Maryland are among two of the most 

vulnerable cities studied in these reports across several RTF metrics. Of the 28 cities studied, 

Annapolis has the second-highest historic record for days per year with a local tide gauge 

threshold exceedance (66 days). Charleston previously had a historical record of 38 days, yet 

there were 50 days with a tide gauge exceedance in 2016, giving it the fourth-highest historic 

record for days per year with a local tide gauge threshold exceedance. These 50 days with an 

exceedance of the local minor flooding threshold gave Charleston the second-highest number of 

observed flood days in 2016, while Annapolis’ 42 days with a local threshold exceedance was 

the fourth-highest number of observed flood days in 2016 among the 28 cities studied. Of the 24 

cities for which RTF trends had previously been calculated (Sweet and Park 2014), Annapolis 

was predicted to have the highest number of flood days in 2017 (48 days), while Charleston was 

predicted to have the sixth-highest number of flood days in 2017 (28 days) (Sweet, Marra, and 

Dusek 2017). Following the pattern of the previous three yearly reports, observations of 2017 

flood days will likely be published in summer 2018.  



 8 

 Work by the Union of Concerned Scientists (UCS) parallels the findings of the NOAA 

group. Their report, When Rising Seas Hit Home (Spanger-Siegfried et al. 2017), surveys 

hundreds of U.S. communities and shows that recurrent tidal flooding is already a problem in 

some locations, and the list of affected communities will continue to grow in the coming 

decades. UCS defines impacted communities as those with “chronic inundation,” where 

recurrent tidal flooding occurs at least 26 days per year (approximately twice per month) and 

affects at least 10% of the town’s land. Under a moderate rate of sea level rise (1.2m above 1992 

levels by 2100), 170 communities could experience chronic inundation by 2035, while that 

number could grow to 270 by 2060 and 490 by 2100. With rapid sea level rise (2.0m above 1992 

levels by 2100), 360 communities could experience chronic inundation by 2060 and 670 could 

experience this threat by 2100. Under this methodology, there are nearly 90 communities that are 

already experiencing chronic inundation, mostly in Louisiana and along the Eastern Shore of 

Maryland. UCS stresses that the social, political, economic, and environmental impacts of 

chronic inundation will not impact all communities equally; some can experience much more 

extensive or frequent flood events and not feel serious effects, while other locations may be 

severely disrupted by less widespread flooding. These differences will drive the decisions 

communities make in responding to recurrent tidal flooding (Spanger-Siegfried et al. 2017).  

 These studies paint a clear picture that there is widespread risk to U.S. coastal 

communities posed by recurrent tidal flooding. However, the levels of risk held by citizens 

throughout these communities are not all equal. The framework of natural hazards risk is useful 

for conceptualizing the risk posed by RTF (Glavovic and Smith 2014). Natural hazards risk is 

comprised of the hazard itself (the likelihood of the hazardous event occurring), the exposure of 

people and assets to the hazard, and the vulnerability of those people and assets. Of particular 

interest in the study of natural hazards is social vulnerability—the differential capacities of 

individuals and populations to respond to the hazard and their exposure (Glavovic and Smith 

2014). In other words, individuals’ risks from RTF are comprised of the probability of flooding 

occurring in their area, the physical extent (exposure) of flooding that may affect them, and their 

personal characteristics that make them more or less susceptible to that exposure. Social 

vulnerability is directly related to social and place-based inequalities of development, growth, 

and economic vitality. In general, areas that are dense and fast-growing, resource-poor, and have 
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large minority populations are the most socially vulnerable to natural hazards (Cutter, Boruff, 

and Shirley 2003). 

 The literature is rich with methods and frameworks to estimate the social vulnerability of 

individuals and communities based on demographic and socio-economic variables (e.g. Cutter, 

Boruff, and Shirley 2003; Prasad 2012; Birkmann et al. 2013; Felsenstein and Lichter 2014; 

Frazier, Thompson, and Dezzani 2014). Some methods are tailored to the purposes and contexts 

of each study to answer questions about specific natural hazard risks in specific regions (e.g. 

Prasad (2012) examines all-hazard vulnerability in the Northeast and Mid-Atlantic U.S.; 

Felsentein and Licher (2014) examine coastal flood risk in Israel). In contrast, the Cutter et al. 

(2003) study developed the Social Vulnerability Index (SoVI)—a broad index with coverage of 

the entire U.S. at the county and Census tract levels and general applicability to all 

environmental hazards. Using Principle Component Analysis, the original work of Cutter et al. 

reduced 42 unique socio-economic and demographic variables to 11 independent factors 

accounting for 76% of the variance in county-level data. They found that, across the nation, 

factors such as personal wealth, age, race, ethnicity, and occupation are all factors that are 

associated with higher social vulnerability (Cutter, Boruff, and Shirley 2003).  

The applicability and usefulness of any social vulnerability methodology is highly 

dependent on the research questions at hand. For example, the Union of Concerned Scientists 

study on recurrent tidal flooding uses a modified version of the SoVI at the Census tract level to 

estimate coastal communities’ vulnerability to recurrent tidal flooding at a national scale. Of the 

170 communities that could experience chronic inundation by 2035, 55% (nearly 94 

communities) have a Census tract within their boundaries that is considered socially vulnerable 

under SoVI (Spanger-Siegfried et al. 2017). Such a broad index is appropriate for a wide-ranging 

analysis covering many geographic regions and populations. However, more localized studies on 

natural hazards and social vulnerability—across a handful of communities, or within one city—

might be better served by the creation of purpose-driven vulnerability indicators derived from 

place-sensitive demographic and socio-economic data (Adger 2006).  

 Access to reliable means of transportation is an important component of social 

vulnerability, and those who are dependent on public transit may feel more impacts from RTF 

than those who have other means of travel. RTF is known to cause road flooding, which can 

result in traffic delays, traffic diversions, or road closures (US Department of Commerce 2014). 
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Many transportation vulnerability models focus on how the transit network might be disrupted 

by natural hazards, and do not consider how some people could be more affected than others. For 

example, someone who has alternatives to riding the bus (e.g. by owning or having access to a 

car) will be less affected by flooded roads than someone who is at the mercy of public transit 

(Selvaraj 2016; Zimmerman and Faris 2010). In a Master’s thesis at the University of South 

Carolina, Selvaraj (2016) surveyed bus riders in Charleston, SC and found that people who relied 

on buses suffered warnings or lost pay at work, missed doctor’s appointments, and were 

inconvenienced in completing necessary errands due to bus delays and cancellations caused by 

RTF. A majority of the interviewees, and the population of transit riders in Charleston, are low-

income Black residents (Selvaraj 2016). This research suggests a connection between public 

transportation infrastructure and social vulnerability.  

 Along with its costs to individuals, damage from recurrent tidal flooding presents a costly 

risk to the public and to all levels of government. While this flooding is viewed as less dangerous 

than extreme events caused by hurricanes, the cost of RTF over time can be comparable. 

Exposure to water can accelerate the erosion of roads (Azevedo de Almeida and Mostafavi 

2016); furthermore, contact with salt can weaken roads, and repeated exposure exacerbates the 

damage (Lecher 2012). Using property exposure as a proxy for the cost of flooding, Moftakhari 

et al. (2017) created a Cumulative Hazards Index that compares the cost of minor and extreme 

flood events. They found that the cost of RTF in major cities such as Seattle, San Francisco, 

Miami, Washington, D.C., and New York City could equal or exceed the costs of extreme flood 

events. This result implies that infrastructure is at risk from RTF, and that this flooding could 

become disruptive and costly in ways that are not currently well understood in planning and 

policy (Moftakhari et al. 2017).  

 Planning (e.g. city planning, urban planning) has long been a tool for communities, cities, 

and regions to implement goals and respond to challenges they currently face or will face in the 

future. Plans can serve as blueprints to guide short-term actions in a community but are equally 

important in laying out a vision for a more prosperous, functional, and equitable community in 

the long term. Communities, cities, and regions often have a suite of plans, ranging from 

Comprehensive Plans that capture an overall vision for the future to small-scale plans that 

address issues unique to neighborhoods or sectors. Plans for transportation, water and 

wastewater, land use, capital improvements, hazard mitigation, and more are also found in many 
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planning portfolios. Ideally, these plans would work in concert to envision and guide a unified 

community vision (Berke and Kaiser 2006).  

 Plans (and the planners who create them) are important vehicles for increasing equity, 

representation, and sustainability in communities. Sustainable development, for example, gets at 

the heart of intergenerational equity, as decisions made today will impact the quality of life and 

the health of the environment for future generations. In transportation planning, accessibility (i.e. 

the ease of getting to destinations) is skewed in favor of middle- and high-income individuals; 

minority residents and households without cars are often disadvantaged in their ease of moving 

through their built environments (Berke and Kaiser 2006). With foresight and intentionality, the 

planning process can bring issues of equity and sustainability to light and give disadvantaged 

groups a voice in shaping their communities’ futures (Arnstein 1969). Naturally, increasing 

citizen participation and bringing more voices to the table can lead to conflicts between 

stakeholder groups. The role of plans and planners is to mediate these conflicts, build coalitions, 

and envision a future that works for all affected parties (Forester 1987).  

 Hazard mitigation plans have become increasingly common among state, tribal, and local 

governments since the passage of the Disaster Mitigation Act of 2000. This legislation amended 

the United States’ disaster relief policy to require the development and adoption of hazard 

mitigation plans, approved by the Federal Emergency Management Agency (FEMA), in order to 

receive certain grants for disaster recovery (Federal Emergency Management Agency 2017). 

Hazard mitigation is any action that reduces risks posed to people and property from natural 

hazards, such as elevating homes on stilts to reduce the impacts of flooding or implementing 

earthquake-focused building codes in seismically active areas. These actions taken to reduce risk 

are critical for increasing a location’s resilience—the ability of physical and social systems to 

avoid failure and continue functioning under stress and to recover from a hazard event. 

Resilience is critical in planning for the future, as we cannot perfectly plan for every future 

hazard but instead must have flexibility in our systems to respond to a variety of possible events. 

Hazard mitigation can and should be interwoven into the network of other plans, as it is critical 

to think about risks and vulnerabilities when considering investing in large infrastructure 

projects, developing a new neighborhood, or visioning for a community’s future. Furthermore, 

hazard mitigation must consider issues of sustainability and equity, as the integrity of the 
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environment and the robustness of social systems for all residents can greatly influence an area’s 

ability to be resilient under stress (Godschalk 2003).  

 The impacts predicted to result from climate change will not only threaten communities, 

economies, and infrastructure, but also call into question the methods currently used to plan for 

the future. Traditional planning uses past conditions and events to make predictions about the 

future. In the face of climate change, the past will no longer serve as an accurate guidepost for 

future conditions. Large uncertainties over future climate conditions and greenhouse gas 

reduction measures, the long planning horizons needed to conceptualize climate change impacts, 

and lack of political will can further complicate the planning process. Quay (2010) proposes a 

new model of anticipatory governance to plan and adapt for an uncertain future: develop several 

possible future scenarios, including a ‘worst case’; formulate a suite of climate adaptation 

strategies that are flexible, can be implemented incrementally over time, and are applicable to 

multiple future scenarios; and develop indicators of change that can be monitored over time, and 

adjust adaptation strategies accordingly. This flexibility in strategy is a key component of 

resilience, as a system must be able to accommodate change and pivot its management as 

conditions warrant in order to maintain its essential functions. This is easier said than done, but 

Phoenix, AZ, Denver, CO, and New York City, NY have already incorporated climate change 

scenarios into their city planning processes and can serve as models for other cities. When 

envisioning and making investments in their futures, local, tribal, and state governments must 

recognize that new planning methods are necessary for the new and uncertain future conditions 

they might face due to climate change (Quay 2010).  

Research Questions 
This Master’s Project explores the following four research questions: 

1. How much of the transportation infrastructure in Charleston, SC and Annapolis, MD is 
potentially exposed to recurrent tidal flooding? 

2. How could residents in Charleston and Annapolis be impacted by transportation 
disruptions caused by recurrent tidal flooding? 

3. Are residents who are most likely to be exposed to recurrent tidal flooding 
disproportionately vulnerable to flooding-related transportation disruptions? 

4. Are Charleston and Annapolis planning for the effects that recurrent tidal flooding will 
have on transportation infrastructure?  
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Sea level rise not only intensifies extreme events, but is also contributing to smaller 

impacts, such as recurrent tidal flooding, that can lead to larger cumulative effects over time. 

RTF is already occurring, and we expect it to become increasingly common in the coming 

decades along all coasts of the United States. Questions remain, however, about how this 

flooding will impact people and infrastructure. This Master’s Project develops a novel method to 

examine these impacts through the lens of transportation—specifically roads and bus routes—

which is at the nexus of individual vulnerability, public infrastructure, and public planning. This 

research analyzes transportation exposure and social vulnerability using publicly available 

geospatial data on flood extent, transportation infrastructure, and population demographics, with 

Charleston, SC and Annapolis, MD as pilot case studies. After examining the exposure of 

transportation infrastructure, the social vulnerability of residents in these two cities, and the 

presence of RTF considerations in planning documents, this Master’s Project synthesizes these 

findings, identifies areas for further research, and makes planning and policy recommendations 

for addressing RTF in Charleston, SC, Annapolis, MD, and in other coastal U.S. cities.  

Methods 

Study Development 

 The methodology and scope of analysis for this Master’s Project were refined over 

several months of literature review and exploratory analysis between April – December 2017. 

This analysis is grounded in the 28 cities identified by Sweet, Marra, and Dusek (2017) in their 

“2016 State of U.S. High Tide Flooding and a 2017 Outlook” report. These cities span the three 

coasts of the contiguous United States and Hawaii (Figure 1; Table 1) and were all originally 

considered as candidates for my analysis.  
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Figure 1. 28 cities with tide gauge data studied by NOAA scientists and  considered for further study in this analysis. After Sweet, 

Marra, and Dusek (2017) 

 
Table 1. 28 cities identified by Sweet, Marra, and Dusek (2017) as locations prone to recurrent tidal flooding. 

Annapolis, MD Atlantic City, NJ Baltimore, MD Boston, MA 
Charleston, SC East Hampton, NY Fernandina Beach, 

FL 
Galveston, TX 

Honolulu, HI Jacksonville, FL Key West, FL Kings Point, NY 
La Jolla, CA Lewes, DE Miami, FL New London, CT 
New York City, NY Norfolk, VA Philadelphia, PA Port Isabel, TX 
Providence, RI San Francisco, CA Sandy Hook, NJ Savannah, GA 
Seattle, WA St. Petersburg, FL Washington, D.C. Wilmington, NC 

 
 As my methods developed, I considered the data I would use to address my Research 

Questions. This served to refine my study and narrow my list of cities to study. At the outset, I 

considered studying the effects of RTF on several types of infrastructure beyond transportation, 

including water, wastewater, energy, and military. I narrowed my focus to transportation (i.e. 
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roads and public transit systems) for two reasons: previous studies (e.g. Selvaraj 2016; 

Moftakhari et al. 2017) demonstrate the susceptibility of roads and public transit systems to RTF, 

and data are publicly available to analyze both transportation components of interest.   

 I became aware of General Transit Feed Specification (GTFS) data, a publicly available 

data format used by cities and transit agencies to publish their public transportation schedules 

and routes. The GTFS format was developed by Google to collect, publish, and easily update 

transit information for public use, and has since become the worldwide standard for distributing 

transit data (Google Developers 2016). This data format was ideal for my analysis, as up-to-date 

transit routes and stops for a majority of the 28 cities were easily obtained from TransitFeeds, an 

online archive of GTFS data with worldwide coverage (Crunchy Bagel 2018). Of the 28 cities I 

originally considered for my analysis, 16 had the requisite GTFS data on transit routes and stops 

available through TransitFeeds (Table 2). The 12 cities without available data were removed 

from further consideration in my analysis. 

 
Table 2. General Transit Feed Specification (GTFS) data availability for 28 cities. 

Cities with GTFS Data Available Cities without GTFS Data Available 
Annapolis, MD Atlantic City, NJ 
Baltimore, MD East Hampton, NY 
Boston, MA Fernandina Beach, FL 
Charleston, SC Galveston, TX 
Honolulu, HI Key West, FL 
Jacksonville, FL Kings Point, NY 
Miami, FL La Jolla, CA 
New York City, NY Lewes, DE 
Norfolk, VA New London, CT 
Philadelphia, PA Port Isabel, TX 
Providence, RI Sandy Hook, NJ 
San Francisco, CA Wilmington, NC 
Savannah, GA  
Seattle, WA  
St. Petersburg, FL  
Washington, D.C.  

 
 Another important consideration was how I would conceptualize social vulnerability in 

my study. At the outset, I recognized that for the purposes of this analysis, the Social 

Vulnerability Index (Cutter, Boruff, and Shirley 2003) would not be appropriate for my analysis. 

The smallest geographic units available for SoVI are Census tracts, which cover too large an area 
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for my research. Additionally, social vulnerability ratings in SoVI are given as index numbers 

(i.e. single values) and do not break down the socio-demographic factors that contribute to a high 

or low vulnerability score. Instead, I developed a list of socio-demographic variables that address 

the specific focus of my analysis, based on individual characteristics (e.g. race, income) 

associated with higher social vulnerability in the literature (Cutter, Boruff, and Shirley 2003) as 

well as variables associated with transit usage (see Data Acquisition and Preparation for further 

information). These socio-demographic variables were collected and analyzed at the Census 

Block Group scale, which are smaller than Census Tracts but are conglomerations of Census 

Blocks, the smallest Census unit collected (US Census Bureau 2016a).  

 Given the time constraints to conduct analysis for Master’s Projects, I was forced to 

further narrow the scope of analysis from the 16 cities for which GTFS data are available (Table 

2). I decided to focus on East Coast cities. The U.S. East Coast is currently experiencing a faster 

rate of relative sea level rise as compared to the global rate (Sallenger, Doran, and Howd 2012). 

Furthermore, cities along the East Coast have historically experienced higher numbers of days 

with RTF than West Coast or Gulf Coast cities (Sweet et al. 2014).  

 13 of the 16 cities with GTFS data are located along the East Coast (Table 2). Of these 13 

cities that remained in my consideration, a clear pattern emerged: Charleston, South Carolina and 

Annapolis, Maryland consistently ranked among the top cities with RTF across several metrics, 

according to the tide gauge exceedance method used by Sweet et al. (2017). Annapolis had the 

highest historic record days per year with RTF (66 days), while the 50 days of RTF that 

Charleston experienced in 2016 ranked it as the second-highest city for historic record days per 

year with RTF. For days of observed tide gauge exceedances in 2016, Charleston ranked first (50 

days) and Annapolis ranked second (42 days) among the 13 East Coast cities. Finally, Annapolis 

and Charleston were projected to have the first- and third-most RTF days in 2017 (48 days in 

Annapolis, 28 days in Charleston), following the trend prediction methodology of Sweet and 

Park (2014). This information suggests that Annapolis and Charleston are important locations for 

studying recurrent tidal flooding, and that the impacts to the residents and infrastructure of these 

cities should be assessed.  

 Finally, I decided to constrain my geospatial analysis to the city boundaries of Charleston 

and Annapolis to harmonize the various scales of my data and to focus on one level of decision-

making that is common to both locations.  
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Data Acquisition and Preparation 
All data used in this Master’s Project are publicly available. A summary of data sources is 

available in Table 3.  

City boundaries for Charleston, SC and Annapolis, MD were downloaded from the 

respective city government websites (City of Charleston 2017; City of Annapolis 2014). These 

data were important for sub-setting other data sets to the desired scale of analysis (i.e. city).  

Data on the possible extent of recurrent tidal flooding were obtained from the High Tide 

Flooding layer produced by NOAA to serve their web-based Coastal Flood Exposure Mapper 

(National Oceanic and Atmospheric Administration 2018). These data are available as a web-

based layer from the Coastal Flood Exposure Mapper website; I obtained raster data of the High 

Tide Flooding layer through personal email communication with Doug Marcy, Coastal Hazards 

Specialist at the NOAA Office for Coastal Management (Marcy 2017). Elevations for flood risk 

are based on the same network of tide gauges used by Sweet and colleagues in various work (see 

Literature Review) to determine local tidal flooding thresholds. These inundation rasters are 

generated by comparing the elevation of the tidal surface during a high tide event to a Digital 

Elevation Model of the target area and determining which ground features are below the 

elevation of the tide waters—a methodology described as a “modified bathtub approach” 

(National Oceanic and Atmospheric Administration 2018).  

This methodology does not account for erosion or subsidence in the area, nor does it 

factor in potential future changes to the areas. Its purpose is to communicate the potential for 

inundation when minor flood advisories are issued by the National Weather Service based on 

tide gauge levels (National Oceanic and Atmospheric Administration 2018). The raster data I 

obtained were at the regional scale. To prepare these data for analysis, I converted the rasters 

covering Charleston and Annapolis to simplified polygons in ArcMap 10.5.1 and clipped these 

polygon features to the respective city boundaries (Esri 2017) (Figure 2 and Figure 3).  
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Figure 2. High Tide Flooding vulnerability layer for the City of Charleston. 

 
Figure 3. High Tide Flooding vulnerability layer for the City of Annapolis. 
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Data for road networks were downloaded from the U.S. Geological Survey’s National 

Transportation Dataset (United States Geological Survey 2014). These data are provided as state-

level geodatabases containing feature classes for roads, railroads, trails, airports, and other modes 

of transportation; I downloaded the South Carolina and Maryland geodatabases and utilized the 

road feature class in this analysis. The attribute table formats of these features are standardized 

across states, facilitating comparisons of road networks between states. Road feature classes 

covering Charleston and Annapolis were clipped to the respective city boundaries. 

 Data on public transit were obtained as General Transit Feed Specification (GTFS) data 

from the GTFS data aggregator TransitFeeds. Annapolis transit data are originally produced by 

Annapolis Transit and Charleston transit data are produced by Charleston Area Regional 

Transportation Authority (CARTA) (Crunchy Bagel 2018). The Annapolis transit data used for 

this analysis date from March 30, 2017 and the Charleston transit data were published on 

October 2, 2017. GTFS data are provided as text files; I utilized the “Display GTFS in ArcGIS” 

toolbox to convert these text files into shapefiles of transit routes and bus stop locations before 

moving these routes and stops into a geodatabase (Morang 2017) (Figure 4 and Figure 5).  

 
Figure 4. All bus routes serving the City of Charleston (n=20). 
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Figure 5. All bus routes serving the City of Annapolis (n=5). 

Census data were collected as two separate data types and were later joined for analysis. 

At the time of data collection, the most recent and finest-resolution data available were American 

Community Survey (ACS) Census Block Group estimates for 2015; higher-resolution Block data 

are only available for decennial Census data collection from 2010 (US Census Bureau 2016a). 

Spatial information on Block Groups are provided as TIGER/Line® Shapefiles at the county 

level (US Census Bureau 2016b). A total of three 2015 TIGER/Line® Shapefiles were 

downloaded: while the City of Annapolis is entirely contained within Anne Arundel County, the 

City of Charleston covers two counties (Charleston and Berkeley Counties).  

I collected a suite of socio-demographic variables from the 2015 ACS 5-Year Estimates: 

Race, Means of Transportation to Work, Educational Attainment, Median Household Income, 

Per Capita Income, Sex By Age, and Median Age By Sex. Total population per Block Group is 

provided in the Race variable. Means of Transportation to Work categorizes transportation 

methods utilized by the over-16 employed population to get to their place of employment. 

Educational Attainment tracks the education levels of those 25 years of age and older. The 

Median Household Income and Per Capita Income variables are both in 2015 inflation-adjusted 
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dollars (US Census Bureau 2016a). ACS data were downloaded as .csv files and were 

manipulated in Excel. To clean the Census data, I deleted all margin of error columns and 

repetitive columns (e.g. total population numbers, Block Group identification information) and 

performed calculations to transform the raw data into my seven target variables for my analysis: 

% Non-White, % Take Transit to Work, % with Less Than a Bachelor’s Degree, Median 

Household Income, Per Capita Income, % Over 65 Years Old, and Median Age. I brought all the 

Excel spreadsheets of socio-demographic variables into ArcMap as tables, joined these tables to 

their respective Block Group shapefiles, and exported these Block Groups to a geodatabase. I 

joined the two county-level Block Group feature classes for the Charleston region (Charleston 

and Berkeley Counties) into one feature class. Lastly, I identified and exported only the Block 

Groups that intersected with the city boundaries for Charleston and Annapolis to feature classes 

for use in geospatial analysis (Figure 6 and Figure 7). 

 
Figure 6. Census Block Groups intersecting the City of Charleston (n=133). 
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Figure 7. Census Block Groups intersecting the City of Annapolis (n=33). 

 
Table 3. Summary of data sources used. 

Data Type Source 
City Boundaries City of Charleston and Annapolis GIS websites 
Tidal Flooding Extent  NOAA High Tide Flooding layer via the NOAA Coastal 

Flood Exposure Mapper; personal communication with 
Doug Marcy (NOAA employee) 

Roads U.S. Geological Survey National Transportation Dataset 
Transit Routes and Stops GTFS data from Annapolis Transit and CARTA (via 

TransitFeeds) 
Census Block Groups US Census Bureau TIGER/Line® Shapefiles 
Census Socio-Demographic Data US Census Bureau 2015 ACS 5-Year Estimates 

 
Geospatial Analysis 

All geospatial analysis was performed in ArcMap 10.5.1 (Esri 2017). Prior to analysis, all 

data were transformed into an appropriate coordinate system for their geographic regions: NAD 

83 UTM Zone 17N for Charleston, SC and NAD 83 UTM Zone 18N for Annapolis, MD (United 

States Geological Survey 2001). This methodology focuses on identifying road segments, transit 
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routes, transit stops, and Block Groups that are vulnerable to RTF (see Appendix A. Geospatial 

Analysis models and scripts for models and Python scripts of this analysis). 

First, I performed two versions of an analysis to identify road segments that are 

vulnerable to RTF. The first version examines all road segments within a city to determine which 

segments intersect with the High Tide Flooding vulnerability layer, while the second version 

only examines roads that I believe to be at low elevations (i.e. not raised high above ground 

level). Upon initial examination of the NOAA High Tide Flooding layer, I noticed that it seemed 

to cover features such as bridges and highways that might not actually be vulnerable to flooding, 

due to their elevation or construction (e.g. highways often have barrier walls). Because I am 

unable to visit these suspect roads in person, and because I needed a systematic method to 

perform this analysis, I assumed that performing my road analysis two ways (i.e. for all roads 

and for low-elevation roads) would help correct for any potential issues caused by the High Tide 

Flooding layer.  

The road analysis was performed as follows on all roads within Charleston and 

Annapolis: I first intersected the High Tide Flooding layer (a simplified polygon feature class, 

clipped to city boundaries) with the city boundary to locate areas of the city that are vulnerable to 

RTF. To examine all road features within the city (i.e. not factoring in the elevation or type of 

road), I used the Select Layer by Location tool to identify roads within the city that intersect with 

the High Tide Flooding layer, then copied these selected features to a new feature class of 

vulnerable road segments; this identified entire road segments that had locations vulnerable to 

RTF somewhere along their length. I also used the Clip tool to create a new feature class 

showing where along each vulnerable road segment the flooding may occur. These feature 

classes allowed me to identify the number and percentage of road segments vulnerable to RTF, 

as well as the number of meters of road throughout the city that are vulnerable.  

Accounting for low-elevation and other potentially non-vulnerable roads was important 

in this analysis, as initial visual inspection of the identified vulnerable roads in Charleston raised 

questions about whether these roads were actually vulnerable to RTF. The second version of my 

road analysis started with using The National Map Feature Road Class (TNMFRC) attribute of 

the road data. There are eight recognized road classes in the National Transportation Dataset: 

Controlled-access Highway (Class 1), Secondary Highway or Major Connecting Road (Class 2), 

Local Connecting Road (Class 3), Local Road (Class 4), Ramp (Class 5), 4WD (Class 6), Ferry 
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Route (Class 7; not present in my data), and Tunnel (Class 8; not present in my data) (United 

States Geological Survey 2014). I assumed that Local Connecting Roads, Local Roads, and 4WD 

paths could be at low elevations and therefore vulnerable to RTF, and only selected roads with 

these attributes for inclusion in the second version of my road analysis. Interestingly, all roads in 

Annapolis fall into one of these three TNMFRC categories, so I only performed the second 

version of my road analysis on Charleston roads. After identifying potentially low-elevation 

roads, I followed the same methodology as described for the initial road analysis process to 

identify the number and percentage of low-elevation road segments vulnerable to RTF, as well as 

the number of meters of low-elevation road throughout Charleston that are vulnerable. This 

method for removing potentially non-vulnerable roads could be applied to any analysis on U.S. 

roads that makes use of the National Transportation Dataset and can be modified as needed to 

target certain TNMFRC attributes.  

Next, I focused on identifying public transit features that are vulnerable to RTF. 

Charleston and Annapolis are only served by buses, but this methodology could be expanded to 

include other forms of public transit as well. Additionally, I constrained my analysis to transit 

stops that fall within city boundaries and to transit routes that pass through the city (i.e. if at 

some point along its route a bus passes through the city, it is included) to maintain consistency 

with my other scales of analysis. Identifying vulnerable bus stops was simple; I determined 

which stop features intersect with the city boundary, and then intersected these stops with the 

city High Tide Flooding vulnerability layer to find the number and percentage of each city’s 

stops that are vulnerable to RTF. Identifying vulnerable transit routes took a few more steps. I 

first identified which bus routes passed through the city and saved these as a new feature class. 

Then, similar to identifying vulnerable road segments, I used the Select Layer by Location tool 

to identify bus routes passing through the city that intersect with the High Tide Flooding layer, 

then copied these selected features to a new feature class of vulnerable bus routes; this identified 

entire routes that had locations vulnerable to RTF somewhere along their length. Since the GTFS 

data breaks each route into many segments, I summarized these data by the route_long_name 

attribute to determine the total number of routes passing through the city and the number and 

percentage of routes vulnerable to RTF. I also used the Clip tool to create a new feature class 

showing where along each vulnerable route is vulnerable to flooding.  
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The last portion of my analysis focused on identifying Block Groups that might feel the 

effects of the various vulnerabilities identified by the preceding methods. Recall that the City of 

Charleston is comprised of Block Groups from portions of Charleston and Berkeley Counties, 

while Annapolis’ Block Groups are all from Anne Arundel County (see the Data Acquisition and 

Preparation section for more details). The basic process of this portion of my methodology was 

to use the Select Layer by Location tool to identify Block Groups within city boundaries that 

intersect with a vulnerability feature class I had created (e.g. road segments vulnerable to RTF), 

and then use the Copy Features tool to create a new feature class of these vulnerable Block 

Groups. I identified Block Groups that contain the following features that are vulnerable to RTF: 

land areas, road segments (all elevations), road segments (low-elevation), and bus stops. In 

identifying spatial intersections between Block Groups and vulnerable bus routes, I looked for 

Block Groups in which bus route flooding occurs within their bounds and for Block Groups that 

are served by a vulnerable bus route regardless of whether the flooding occurred inside or 

outside the Block Group. This allowed me to quantify the number and percentage of Block 

Groups in the city that are vulnerable in various ways to the effects of RTF. For each of the 

previous Block Group vulnerability conditions, I also exported the attribute tables of the 

vulnerable and non-vulnerable Block Groups as dBase files (.dbf format) for statistical analysis 

of the ACS data contained therein.  

 
Statistical Analysis 

 I initially captured basic information on the number and percentages of the roads, transit 

features, and Block Groups that showed physical vulnerability to RTF in my geospatial analysis. 

Then, using Stata Statistical Software (StataCorp. 2017; hereinafter Stata), I calculated 

descriptive statistics (e.g. mean, median, standard deviation) on my seven ACS socio-

demographic variables (% Non-White, % Take Transit to Work, % with Less Than a Bachelor’s 

Degree, Median Household Income, Per Capita Income, % Over 65 Years Old, and Median Age) 

for pairs of Block Groups that were identified as vulnerable or not vulnerable to the various 

effects of RTF on land area, roads, and transit features. For example, I calculated descriptive 

statistics on the Median Household Income of people living in Block Groups that do contain 

low-elevation roads vulnerable to RTF and those not containing vulnerable roads. This was done 

for Annapolis and Charleston. Also in Stata, I created side-by-side box plots to compare the 
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overall distribution of my seven socio-demographic variables between Charleston and 

Annapolis, and to compare the distribution of each variable between Block Groups vulnerable 

and not vulnerable to various effects of RTF (e.g. a side-by-side box plot of Median Age in 

Annapolis Block Groups that are or are not served by a bus route that is vulnerable to RTF).  

 After examining these box plots and preliminary maps, it became clear that non-normal 

distributions and spatial autocorrelation are prevalent in my data. Therefore, I performed spatial 

statistics on a select group of variables that were most relevant to my research questions and that 

appeared to show the greatest degree of spatial patterning in initial visual inspection—these were 

the land area of Block Groups vulnerable to RTF, and the rates of transit ridership within Block 

Groups. To assess whether Block Groups with high land area vulnerable to RTF are spatially 

clustered, I first used the Summarize Within tool in ArcGIS Pro to determine the area within 

each Block Group that intersects the High Tide Flooding layer (Esri 2018); I was then able to 

calculate the percentage of each Block Group’s area that is vulnerable to RTF (% Area 

Vulnerable).  

Using two spatial statistics tools in ArcMap 10.5.1—High Low Clustering and Hot Spot 

Analysis—I assessed whether the distributions of high rates of area vulnerable to flooding and 

high rates of transit ridership in Block Groups are significantly different from random. The High 

Low Clustering tool determines if there is clustering of high or low values of a variable across 

the entire study area that is different from what would be expected at random (“complete spatial 

randomness”); if the p-value of the distribution is significant, the tool outputs a z-score that 

communicates where high values (positive z-score) or low values (negative z-score) are 

clustered. The Hot Spot Analysis tool identifies features that are statistically significant “hot 

spots” of high values or “cold spots” of low values; to be a statistically significant hot/cold spot, 

a feature will have a high/low value for the variable of interest and will be surrounded by other 

features with high/low values. The tool produces a confidence rating of the feature being a hot or 

cold spot; a p-value of <0.05 denotes 95% confidence (Esri 2017). For both Annapolis and 

Charleston, I used these two tools to assess the spatial distributions of the following variables: % 

Area Vulnerable across all city Block Groups; % Take Transit to Work across all city Block 

Groups; % Take Transit to Work across Block Groups that are served by a bus route; and % 

Take Transit to Work across Block Groups that are served by a bus route that is vulnerable to 

RTF.  
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Planning Document Analysis 

 I evaluated 13 relevant planning documents from the City of Charleston, the City of 

Annapolis, and related governmental bodies for the inclusion of recurrent tidal flooding and 

other climate change-related concepts (Table 4). Plan types (e.g. Comprehensive, Hazard 

Mitigation) were selected based on conversation with Dr. Gavin Smith, Research Professor at 

University of North Carolina – Chapel Hill’s Department of City and Regional Planning. Plans 

were then collected by searching relevant government websites and utilizing Google to locate the 

relevant documents for each city or corresponding region, if available. While some relevant plan 

types were completed at broader government scales (i.e. beyond the City level), they are 

included in this analysis to develop an understanding of climate-aware planning in the context 

most applicable to the two cities of interest.   

Plans were evaluated using a variety of parameters to determine whether recurrent tidal 

flooding and broader concepts related to climate change are being considered in long-term 

community visioning (Table 5). The majority of this analysis was based on keyword searching in 

the various planning documents. First, I searched for the presence of the term “climate change” 

and documented the context of the term’s usage if it appeared. I performed a similar search and 

documentation process for the term “sea level rise.” As RTF is situated in the broader context of 

climate change and is being accelerated by sea level rise, it was important to assess plans for 

awareness of these issues. In searching for the presence of RTF considerations, I included 

keyword searches for other terms used in scholarly literature and the media to discuss this 

phenomenon (e.g. “nuisance flooding,” “sunny day flooding”) and identified the context of usage 

if any such terms were present.  
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Table 4. Plans evaluated for inclusion of RTF and related climate change-related concepts. 

Plan Title Plan Type Government Body Year 
Charleston Region 

Century V: 2010 
Comprehensive Plan Update 

Comprehensive City of Charleston (2010) 

2035 CHATS Long Range 
Transportation Plan 

Transportation Berkeley-Charleston-Dorchester 
Council of Governments 

(2010) 

Charting a Course to 2040: 
Regional Transit & 
Coordination Plan Berkeley-
Charleston-Dorchester 
Region 

Transportation South Carolina Department of 
Transportation 

(2014) 

Charleston Regional Hazard 
Mitigation Plan: 2016 
Update 

Hazard Mitigation Charleston County (2016) 

Berkeley County Hazard 
Mitigation Plan: May 2015 
Update 

Hazard Mitigation Berkeley-Charleston-Dorchester 
Council of Governments 

(2015) 

Sea Level Rise Strategy Special Topic City of Charleston (2015) 
Annapolis Region 

Annapolis Comprehensive 
Plan 

Comprehensive City of Annapolis (2009) 

Annapolis Regional 
Transportation Vision and 
Master Plan 

Transportation City of Annapolis, Anne Arundel 
County, Maryland Department of 
Transportation, Annapolis Regional 
Transportation Management Agency 

(2006) 

FY2013 – FY2018 Capital 
Improvement Program 

Capital 
Improvement 

City of Annapolis (2012) 

City of Annapolis Hazard 
Mitigation Plan 

Hazard Mitigation City of Annapolis (2018) 

2010 Hazard Mitigation Plan 
Update 

Hazard Mitigation Anne Arundel County (2010) 

Sea Level Rise Strategic 
Plan Anne Arundel County 

Special Topic Anne Arundel County (2011) 

Flood Mitigation Strategies 
for the City of Annapolis, 
MD: City Dock and Eastport 
Area 

Special Topic City of Annapolis (2011) 

 

Next, I evaluated plans for the presence of measures to reduce natural hazard risk and 

increase adaptation potential. I searched for adaptation to any natural hazard risk, rather than 

narrowly searching for RTF adaptation, as I wanted to develop a fuller picture of adaptation 

planning in my areas of study. If adaptation strategies were present, I determined whether each 

strategy could be categorized as “protection” (using hard structures such as sea walls or other 

engineering methods like beach nourishment to defend existing development), “accommodation” 
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(e.g. raising buildings on stilts to allow flood water to pass under the structure), or “retreat” 

(moving existing structures out of hazard-prone areas and preventing future development in 

identified hazard zones) (Intergovernmental Panel on Climate Change 2000). Additionally, I 

performed a keyword search for “resilience” and “resiliency” and documented the context of any 

usages of these terms. Lastly, I documented my overall impressions of the 13 plans.  
 

Table 5. Evaluation criteria for planning documents. 

Planning Document Evaluation Criteria 
Presence of “climate change”: Yes/No 

If Yes, in what context? 
Presence of “sea level rise”: Yes/No 

If Yes, in what context? 
Usage of terms related to RTF: Yes/No and context 

Nuisance Flooding 
Tidal Flooding 
Recurrent Tidal Flooding 
Sunny Day Flooding 
High Tide Flooding 
Shallow Coastal Flooding 
King Tide Flooding 

Proposes adaptation measures: Yes/No 
If Yes, in what context? 

If proposing adaptation measures, categorization of measure 
(after Intergovernmental Panel on Climate Change 2000) 

Protection: Yes/No and method (if given) 
Accommodation: Yes/No and method (if given) 
Retreat: Yes/No and method (if given) 

Presence of “resilience” or “resiliency”: Yes/No 
If Yes, in what context? 

Overall impression of plans 
 

Results and Discussion 

City-Wide Physical Vulnerability 

 This methodology first allows us to examine city-wide physical vulnerabilities (i.e. the 

vulnerability of infrastructure and spatial Census units) to recurrent tidal flooding. Due to its 

larger size, it is unsurprising that Charleston has more roads, transit features, and Block Groups 
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overall, and more of these features that are vulnerable to RTF (Table 6). For example, Charleston 

has over 7 times as many road segments, is served by 4 times as many bus routes, and has over 4 

times as many Block Groups as Annapolis. This methodology can be applied to cities of many 

sizes, but the implications must be considered. For example, Annapolis naturally gives a much 

smaller sample size for statistical analysis, and there are fewer features to examine. On the other 

hand, it may be easier for a smaller-sized city to act on this information if there are fewer 

features within their jurisdiction that may be vulnerable.  

 In every category of physical vulnerability, Charleston had a higher absolute level of 

physical vulnerability and a higher proportion features at risk. When considering all road 

segments in the two cities, 2.70% of Charleston’s road segments were identified as vulnerable to 

RTF, while 0.27% of Annapolis’ road segments were identified as vulnerable. Even when 

looking only at low-elevation roads in Charleston, the 2.12% of road segments vulnerable therein 

eclipse the road segment vulnerability in Annapolis (recall that all roads in Annapolis already fit 

this method’s definition of low-elevation roads). Using the High Tide Flooding layer, I was also 

able to predict specific sections of road segments that are vulnerable to flooding and quantify the 

total length of vulnerable road sections in the two cities. Comparing low-elevation roads, the 

same pattern mentioned previously holds: 1.17% of the total length of road in Charleston is 

vulnerable to RTF, while 0.01% of road length in Annapolis is vulnerable.  

 Charleston’s transit system (CARTA) is more extensive than the Annapolis Transit 

system (25 vs. 6 total bus routes, 840 vs. 235 total bus stops). Examining the transit features that 

intersect with the city boundaries (20 routes and 371 stops in Charleston, 5 routes and 141 stops 

in Annapolis) (Figure 4 and Figure 5), we see that Charleston has a larger percentage of its 

transit features vulnerable to RTF. 70% of bus routes serving Charleston (14 routes) were found 

to be vulnerable to RTF somewhere along their route (Figure 8), while 40% of routes serving 

Annapolis (2 routes) were found to be vulnerable (Figure 9). Many of the vulnerable bus routes 

pass through a ‘choke point’ where there is a risk of RTF (e.g. a heavily-trafficked road near the 

waterfront), leading to these routes being identified as vulnerable somewhere along their paths. 

We must note that bus stop vulnerability was found to be almost non-existent—1 bus stop was 

identified as vulnerable in Charleston and none were identified in Annapolis.  
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Figure 8. Bus routes intersecting the City of Charleston that are vulnerable to RTF (n=14). 

 
Figure 9. Bus routes intersecting the City of Annapolis that are vulnerable to RTF (n=2). 
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 Owing to its smaller footprint and smaller population, Annapolis is comprised of 33 

Block Groups (Figure 7) while Charleston is comprised of 133 Block Groups (Figure 6). 

Charleston’s Block Groups are more vulnerable to the direct and secondary effects of RTF in 

absolute and relative terms. 70.68% of Block Groups in Charleston intersect with the NOAA 

High Tide Flooding layer, indicating vulnerability to RTF, while 57.56% of Annapolis Block 

Groups are vulnerable to RTF. 54.89% of all Charleston Block Groups contain a road segment 

vulnerable to RTF, and 45.86% of Charleston Block Groups contain a low-elevation road 

segment that is vulnerable. 21.21% of Annapolis Block Groups contain a road segment 

vulnerable to RTF. Low percentages of Block Groups in both cities (15.04% in Charleston, 

3.03% in Annapolis) are home to locations where flooding of bus routes may occur. However, 

localized RTF of bus routes may have a widespread impact across these cities’ Block Groups. 

66.92% and 27.27% of Charleston’s and Annapolis’ Block Groups, respectively, are served by 

one or more of the bus routes that have been identified as vulnerable to RTF (Figure 10 and 

Figure 11). Again, this is likely the result of these routes passing through a ‘choke point’ where 

RTF may occur, causing the full extent of the routes and all the Block Groups they serve to be 

identified as vulnerable. Given that only 1 bus stop in Charleston and zero bus stops in 

Annapolis were identified as vulnerable to RTF, there is 1 Block Group in Charleston and zero 

Block Groups in Annapolis containing a vulnerable stop.  
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Figure 10. Block Groups intersecting City of Charleston served by a bus route vulnerable to RTF (n=89).

 

Figure 11. Block Groups intersecting City of Annapolis served by a bus route vulnerable to RTF (n=9). 
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 The above and subsequent results are dependent on the input data used to identify the 

extent of recurrent tidal flooding; this analysis used the NOAA High Tide Flooding layer 

(National Oceanic and Atmospheric Administration 2018). This data set provides an estimation 

of recurrent tidal flooding extent that is based on local topography and water levels known to 

present risk for RTF. According to this data set, the RTF risk in Charleston tends to extend 

further inland than it does in Annapolis (Figure 2 and Figure 3), which helps explain why a 

higher proportion of Charleston’s infrastructure and Census features were identified as 

vulnerable. The wider extent of flood risk for Charleston could be the result of Charleston’s 

topography being more vulnerable to flooding over a greater area, or could be an artifact of the 

“modified bathtub” methodology used by NOAA to produce the High Tide Flooding layer 

(National Oceanic and Atmospheric Administration 2018). A bathtub model for flooding—in 

which any raster cell with an elevation below that of the flood height is marked as flooded, 

regardless of proximity or connectivity to a water feature—is known to be problematic for 

accurately modeling flood behavior (Poulter and Halpin 2008). Without extensive knowledge of 

the topography and past extents of RTF events in these two cities, I cannot speak to the accuracy 

of the High Tide Flooding data used for this analysis. However, because the methodology used 

by NOAA to produce the data set was consistent across the U.S., it provides a first-pass 

approximation of RTF risk in coastal U.S. cities like Charleston and Annapolis that can be 

compared across cities and expanded to other locations. 
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Table 6. City-wide physical vulnerabilities to recurrent tidal flooding in Charleston, SC and Annapolis, MD. Note that all roads 
in Annapolis are low-elevation roads and thus are not considered separately. 

 
Charleston, SC Annapolis, MD 

Road Segments (All Elevations)   

Total # of Road Segments 13353 1830 
# of Road Segments Vulnerable to RTF 360 5 
% of Road Segments Vulnerable to RTF 2.7 0.27 
Total Meters of Road Segments 1382148 197218 
Meters of Road Segments Vulnerable to RTF 27030 19 
% of Road Length Vulnerable to RTF 1.96 0.01    
Road Segments (Low Elevations)   

Total # of Road Segments 12707  

# of Road Segments Vulnerable to RTF 270  

% of Road Segments Vulnerable to RTF 2.12  

Total Meters of Road Segments 1277857  

Meters of Road Segments Vulnerable to RTF 14954  

% of Road Length Vulnerable to RTF 1.17  
   
Transit Routes   

Total # of Routes in Transit System 25 6 
# of Routes Intersecting City 20 5 
# of City Routes Vulnerable to RTF 14 2 
% of City Routes Vulnerable to RTF 70 40    
Transit Stops   

Total # of Stops in Transit System 840 235 
# of Stops Within City 371 141 
# of City Stops Vulnerable to RTF 1 0 
% of City Stops Vulnerable to RTF 0.27 0    
Block Groups   

Total # of Block Groups in City 133 33    
# of Block Groups Vulnerable to RTF 94 19 
% of Block Groups Vulnerable to RTF 70.68 57.56    
# of Block Groups with Vulnerable Road (All Elevations) 73 7 
% of Block Groups with Vulnerable Road (All Elevations) 54.89 21.21    
# of Block Groups with Vulnerable Road (Low Elevations) 61  

% of Block Groups with Vulnerable Road (Low Elevations) 45.86  
   
# of Block Groups with Vulnerable Route Segment 20 1 
% of Block Groups with Vulnerable Route Segment 15.04 3.03    
# of Block Groups Served by Route Vulnerable to RTF 89 9 
% of Block Groups Served by Route Vulnerable to RTF 66.92 27.27    
# of Block Groups with Vulnerable Stop 1 0 
% of Block Groups with Vulnerable Stop 0.75 0 
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Block Groups and Socio-Demographic Variables 

 One of the main goals of this research was to evaluate not only whether recurrent tidal 

flooding is impacting transportation infrastructure in coastal cities, but to also evaluate whether 

those impacts are disproportionately affecting socially vulnerable populations (see Research 

Questions). By comparing the socio-demographic compositions of Block Groups in Charleston 

and Annapolis that are vulnerable—or not vulnerable—to the direct and secondary impacts of 

RTF, I can assess the distributional impact of this flooding. I produced a range of descriptive 

statistics for all of the Block Group – Socio-Demographic combinations discussed below; tables 

of these data these can be found in Appendix B. Tables of Socio-Demographic Descriptive 

Statistics 

 I produced a total of 74 box plots to examine the various socio-demographics of my 

cities’ Block Groups (see Appendix C for all box plots). This provided a first-pass analysis of 

whether there were any potential differences in my socio-demographics between Block Group 

groupings. The seven socio-demographic variables I studied were: % Non-White, % Take 

Transit to Work, % with Less Than a Bachelor’s Degree, Median Household Income, Per Capita 

Income, % Over 65 Years Old, and Median Age. Not all box plots will be discussed herein.  

 I first compared the compositions of all Block Groups in Charleston versus all Block 

Groups in Annapolis to determine whether these cities’ socio-demographics are similar. In many 

cases (e.g. % Non-White population, % with Less Than a Bachelor’s Degree, Median Age), the 

two cities appear to have similar demographic distributions. None of the variables clearly appear 

to be statistically different between the two cities. Outliers and non-normal distributions of socio-

demographics within a city are present for many of the Charleston plots, including % Take 

Transit to Work, Per Capita Income, and % Over 65 Years Old; this is a common theme 

throughout my box plot results and will be discussed further.  

 The rest of the box plots I will discuss are comparing Block Groups within one city that 

either are or are not vulnerable in some way to RTF; for each socio-demographic variable in 

question, there is a separate plot for Charleston and Annapolis (Appendix C). My second set of 

box plots compares socio-demographics of Block Groups that do or do not have land that is 

vulnerable to RTF. Among Charleston Block Groups, the median % Take Transit to Work 

appears to be higher in non-vulnerable Block Groups, though there are several positive outliers 

among vulnerable Block Groups. Also, the medians of % Over 65 and Median Age in Annapolis 
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appear to be higher in vulnerable Block Groups. Positive outliers and skewed distributions are 

present in several plots.  

 My third set of box plots compares socio-demographics of Block Groups that do or do 

not have a road segment vulnerable to RTF; in this section, all road segments are included in the 

analysis. Many of the distributions for Charleston Block Groups appear similar, and there are 

several cases where outliers and skewed distributions are present. In this set of plots there were 

no outliers for any Annapolis distributions, but several of the distributions are non-normal. None 

of the Annapolis Block Group groupings are clearly different from one another.  

 The fourth set of box plots—comparing socio-demographics of Block Groups that do or 

do not have a low-elevation road segment vulnerable to RTF—only includes comparisons 

between Charleston Block Groups, as all roads in Annapolis are low-elevation and are included 

in the previous set of box plots. Outliers and/or non-normal distributions of socio-demographic 

values are present in every comparison. None of the box plots suggest any clear differences 

between Block Group groupings, but the presence of outliers complicates a first-pass evaluation 

of these distributions. For example, median Per Capita Income appears similar between 

vulnerable and non-vulnerable Block Groups, but there are several positive outliers (i.e. high Per 

Capita Incomes) amongst Block Groups without a vulnerable road segment.  

 My fifth set of plots compares Block Groups with and without a segment of a bus route 

that is vulnerable to RTF. In Annapolis, there is only 1 Block Group in which bus route flooding 

may occur, which lessens the usefulness of using box plots to examine distributions between the 

two groupings. I can see that the % Take Transit to Work in vulnerable Block Groups is outside 

the inter-quartile range of that in non-vulnerable Block Groups. Conversely, the % with Less 

Than a Bachelor’s Degree in vulnerable Block Groups is lower than the inter-quartile range of 

that in non-vulnerable Block Groups. I do not put too much stock in these observations, due to 

the imbalance in sample sizes between the groupings. For Charleston Block Groups, the medians 

of % Over 65 and Median Age appear to be higher in the non-vulnerable Block Groups; 

however, the presence of outliers complicates the interpretation of these distributions. The other 

pairings of Charleston Block Groups do not appear to have differences in distributions, though 

outliers complicate this simple interpretation.  

 The sixth set of box plots compares Block Groups that are or are not served by a bus 

route that is vulnerable to RTF somewhere along its length. In Charleston, the median % Non-
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White population of vulnerable Block Groups appears to be higher than that in non-vulnerable 

Block Groups. Additionally, the median Median Household Income in non-vulnerable Block 

Groups appears to be higher than that in vulnerable Block Groups. It also appears that the 

median % Take Transit to Work may be higher in vulnerable Block Groups, but the skewed 

distributions and positive outliers make interpretation of the plot difficult. Every Charleston plot 

in this set has outliers and/or a non-normal distribution. None of the Annapolis plots show clear 

differences between vulnerable and non-vulnerable Block Groups, but due to non-normal 

distributions of socio-demographic variables in every plot, interpretation is challenging.  

 The final set of box plots—Block Groups with and without a bus stop vulnerable to 

RTF—only features Charleston, as there are no vulnerable bus stops in Annapolis. Additionally, 

there is only 1 vulnerable bus stop and therefore 1 Block Group containing a vulnerable bus stop 

in Charleston. The % Non-White population and the % with Less Than a Bachelor’s Degree in 

that Block Group is higher than the median % Non-White population and median % with Less 

Than a Bachelor’s Degree in the non-vulnerable Block Groups. The % Over 65 is lower in that 

Block Group than the median % Over 65 in the non-vulnerable Block Groups. It is difficult to 

glean information from these plots, as there is only one observation on one side of the pairing.  

 Due to the pervasiveness of outliers and skewed distributions in these data, parametric 

statistics are not a viable option for evaluating whether socially vulnerable populations are 

disproportionately vulnerable to recurrent tidal flooding and its impacts on transportation.  

 Upon visualizing the distributions of the socio-demographic variables in city-wide maps 

(Appendix D), I recognized that there is patterning and spatial autocorrelation in the data. In 

other words, the distribution of socio-demographics is not random across the city. For example, 

Block Groups with the highest % Non-White populations are concentrated hear the center of 

Charleston and to the center and west of Annapolis. Block Groups with high % Take Transit to 

Work are more commonly found closer to the center of Charleston, while high-percentage-

ridership Block Groups in Annapolis are more evenly distributed throughout the city. Low 

Median Household Incomes and Per Capita Incomes are also concentrated near the center of 

Charleston while the highest Median Household Incomes and Per Capita Incomes are found in 

the southern and eastern areas of the city. Unfortunately, I was unable to obtain Median 

Household Income data for several Block Groups in Annapolis. Low Per Capita Incomes are 

concentrated in the western and northern parts of Annapolis, while the eastern waterfront areas 
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of the city have among the highest Per Capita Incomes. The % with Less Than a Bachelor’s 

Degree appears more random than some of the other variables in Charleston and Annapolis, 

though both cities have pockets where high percentages of the population (over 85%) have not 

earned a four-year degree. Patterning of high % Over 65 and Median Age was not overt in 

Charleston, while in Annapolis there is clearly a trend of older populations being located along 

the northern and eastern waterfronts of the city. Spatial autocorrelation of socio-demographic 

variables across Block Groups in these cities is another barricade to using parametric statistics 

for further analysis.   

 
Spatial Statistics 

 For a subset of my data, I analyzed the statistical significance of spatial patterns. There 

were several reasons for conducting a limited statistical analysis—the main reason being time 

constraints, but I also wanted to focus my efforts to better address my research questions. 

Therefore, I looked at the spatial distributions of one of my socio-demographic variables (% 

Take Transit to Work) and the distribution of a new variable: % Area Vulnerable (i.e. percentage 

of a Block Group’s area that is vulnerable to recurrent tidal flooding). This was one way to 

examine the hypothesis that physical flood vulnerability can be concentrated in some Block 

Groups while impacts to vulnerable populations can be concentrated elsewhere. Given the focus 

of this research on transportation, the fact that ~67% of Block Groups in Charleston and ~27% of 

Block Groups in Annapolis are served by a bus route that is vulnerable to RTF (Table 6), and the 

possible patterning in the % Take Transit distribution map of Charleston (Appendix D), transit 

ridership was the chosen socio-demographic variable for further statistical analysis herein. These 

methods could be used to examine spatial distributions of the other socio-demographic variables 

in this research, or for examining other variables of interest.  

 As previously discussed (see Methods), I used two spatial statistics tools in ArcMap 

10.5.1: High Low Clustering and Hot Spot Analysis. Across all Block Groups in Charleston, I 

found that low values of % Area Vulnerable are clustered across the entire city (p = 0.002, z =     

-3.120). The p-value indicates that the values of % Area Vulnerable are distributed in a way that 

is statistically significantly different from what would be expected at random, and that low 

values of % Area Vulnerable are clustered together throughout the city. Interestingly, the Hot 

Spot Analysis revealed 12 hot spots (i.e. Block Groups that have high values of % Area 
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Vulnerable and that are neighbored by other Block Groups with high % Area Vulnerable). For 3 

of these Block Groups there is a >99% confidence that they are significant hot spots; 4 Block 

Groups are hot spots with >95% confidence and 5 are hot spots with >90% confidence. None of 

these hot spot Block Groups are located in downtown Charleston; they are found to the east, 

west, and south of the downtown area and are Block Groups with water boundaries. The fact that 

there are Block Groups with low % Area Vulnerable clustered across the city yet hot spots of 

high physical vulnerability in water-adjacent Block Groups indicates that the physical flood risk 

is concentrated in Block Groups near the water. This is unsurprising, as RTF is a coastal 

phenomenon and does not cause the same extent of flooding as coastal storms—it is a more 

localized phenomenon than other types of floods and is perhaps why it is perceived as more of a 

“nuisance”. 

In Annapolis, no significant clustering of Block Groups with high or low % Area 

Vulnerable was found with the High Low Clustering tool (p = 0.546, z = 0.604). However, 2 hot 

spots of high % Area Vulnerable were identified—1 Block Group with >95% confidence and 

another with >90% confidence as hot spots). These Block Groups sit along the waterfront. The 

size of the two cities aside, in comparing the extent of RTF risk from the High Tide Flooding 

layer, it makes sense that Charleston has more hot spots of area vulnerable. Many of the Block 

Groups identified as hot spots in Charleston, especially those in the southern parts of the city, 

have a lot of wetlands and low-lying topography. This manifests as greater area of inundation 

risk in the High Tide Flooding layer and a greater % Area Vulnerable. As discussed previously, 

these results are dependent on the data used to model inundation risk. 

I move now to the spatial distributions of transit ridership rates (% Take Transit to Work) 

by assessing three sets of Block Groups: all Block Groups within the city, all Block Groups 

served by a bus route, and all Block Groups served by a bus route that is vulnerable to RTF. 

Across all Block Groups in Charleston (n=133), high rates of transit ridership are clustered (p < 

0.001, z = 5.389). Additionally, 12 hot spots were identified (3 with >99% confidence, 4 with 

>95% confidence, 5 with >90% confidence). 4 of these hot spot Block Groups are located in 

downtown Charleston, while the remaining hot spots are to the north and west of downtown. 

This indicates that Block Groups with a high proportion of transit-dependent residents are 

clustered in Charleston and that there are 12 Block Groups that can be pinpointed for residents 

with high rates of transit ridership. When considering those Block Groups served by a bus route 
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(n=92), clustering of high rates of transit ridership is found (p = 0.008, z = 2.656). 7 Block 

Groups were identified as hot spots for transit ridership (2 with >99% confidence, 2 with >95% 

confidence, and 3 with >90% confidence). 3 of these Block Groups are located in downtown 

Charleston, while the remaining 4 are located to the north and west of downtown. This suggests 

that among Block Groups that are served by a bus route, there is clustering of Block Groups with 

high transit ridership rates, and that hot spots of transit ridership are located in downtown and to 

the north and west of downtown.  

Lastly, I examined only those Block Groups served by a bus route that is vulnerable to 

RTF (n=89). I found that clustering of high rates of transit ridership is present (p < 0.001, z = 

3.872), and that 10 Block Groups are significant hot spots for high rates of transit ridership (2 

with >99% confidence, 4 with >95% confidence, and 4 with >90% confidence). Similar to the 

two previous analyses, 4 of the hot spots are in downtown Charleston while the remaining hot 

spots are to the north and west of downtown (Figure 12). The evidence from these three sets of 

statistical tests suggests that high rates of transit ridership are not randomly distributed 

throughout Charleston. There are areas of Charleston where high rates of transit ridership are 

found in proximity, and there are specific Block Groups in Charleston that have significantly 

high levels of transit ridership to work. Additionally, the consistency with which Block Groups 

in downtown Charleston and to the north and west of downtown were identified as hot spots 

suggest that residents in these Block Groups could be among the most socially vulnerable to the 

effects of recurrent tidal flooding on bus networks. 
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Figure 12. Hot Spots of high transit ridership among City of Charleston Block Groups served by a bus route vulnerable to RTF 

(n=10). 

I then assessed the spatial distributions of transit ridership rates (% Take Transit to Work) 

in Annapolis across all Block Groups with the city, all Block Groups served by a bus route, and 

all Block Groups served by a bus route that is vulnerable to RTF. Across all Block Groups in 

Annapolis (n=33), I found no significant clustering of high or low rates of transit ridership (p = 

0.397, z = 0.847). However, I did identify 2 Block Groups that are significant hot spots for high 

rates of transit ridership (1 with >99% confidence, 1 with >95% confidence). These 2 Block 

Groups are adjacent and are located at the center of Annapolis. While the distribution of 

ridership rates in Block Groups is random throughout Annapolis, there are 2 Block Groups in the 

center of the city that are hot spots for high ridership rates. Next, I examined Block Groups in 

Annapolis served by a bus route (n=30). Again, I found no significant clustering of high or low 

rates of transit ridership (p = 0.474, z = 0.716), yet I identified the same 2 Block Groups as hot 

spots of ridership (1 with >99% confidence, 1 with >95% confidence). Among Block Groups 

served by a bus route, ridership rates in Block Groups are randomly distributed but there are 2 

Block Groups in the center of the city that are hot spots for high ridership rates.  
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Lastly, I also failed to find any significant clustering of high or low bus ridership rates 

among Block Groups served by a route vulnerable to RTF (n=9, p = 0.652, z = 0.451). Of these 

9, I did identify 1 Block Group as being a hot spot for high transit ridership (>90% confidence); 

it is located along the northern waterfront of Annapolis (Figure 13). Note that the pair of Block 

Groups identified as hot spots for high ridership among all Block Groups and among Block 

Groups served by a bus route are not among the Block Groups served by a bus route that is 

vulnerable to RTF. This is not to say that this Block Group should be disregarded as unimportant 

for assessing social vulnerability, but to point out that it is only a hot spot of high ridership 

relative to a small number of other Block Groups served by a bus route vulnerable to RTF. While 

there are Block Groups in Annapolis with significant rates of high bus ridership, these are not the 

same areas that are vulnerable to potential transit disruptions caused by RTF. Furthermore, the 

distribution of high-ridership Block Groups throughout Annapolis is random. This evidence 

suggests that disproportionate effects of RTF on transit-dependent socially vulnerable 

populations in Annapolis are less likely than in Charleston—where clustering of high ridership 

rates is present, many Block Groups were consistently identified as ridership hot spots, and RTF 

transit disruptions could affect these hot spots.    

 
Figure 13. Hot Spots of high transit ridership among City of Annapolis Block Groups served by a bus route vulnerable to RTF 

(n=1). 
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Planning Document Analysis 

 A total of 13 plans (6 from the Charleston area and 7 from the Annapolis area) were 

evaluated for the inclusion of RTF and other climate change-related concepts (refer to Table 4 

for list of plans and to Table 5 for evaluation metrics). 8 of the 13 plans make any reference to 

climate change (Table 7). 4 of the 6 plans from the Charleston area reference climate change. In 

2 of these plans (the 2035 CHATS Long Range Transportation Plan and the Berkeley County 

Hazard Mitigation Plan: May 2015 Update), climate change is mentioned only once, while in the 

other two plans (the Charleston Regional Hazard Mitigation Plan: 2016 Update and the Sea 

Level Rise Strategy document), climate change is mentioned throughout the document. The 

Charleston Regional Hazard Mitigation Plan: 2016 Update discusses climate change in the 

context of drought, heat advisories, and “climate related hazards,” while the Sea Level Rise 

Strategy discusses climate change in the context of sea level rise. Of the 4 Annapolis plans 

mentioning climate change, 2 discuss it in the context of greenhouse gas reductions (the 

Annapolis Comprehensive Plan and the FY2013 – FY2018 Capital Improvement Program) while 

the other 2 plans (the City of Annapolis Hazard Mitigation Plan and the Sea Level Rise Strategic 

Plan Anne Arundel County) discuss climate change in various contexts throughout the 

documents. 

 Only 1 of the 6 plans from the Charleston area—the Sea Level Rise Strategy document—

discusses sea level rise; the issue is discussed throughout the document, as the title implies. 

Interestingly, in the appendix of the Charleston Regional Hazard Mitigation Plan: 2016 Update, 

there are notes from a public hearing in which one citizen commented that SLR should be 

included in hazard mitigation discussions due to its importance in the Charleston area, but there 

are no mentions of SLR in the document body. 5 of the 7 Annapolis-area plans discuss SLR in 

some context; the 2 to not discuss it are the Annapolis Regional Transportation Vision and 

Master Plan and the FY2013 – FY2018 Capital Improvement Program. The contexts in which 

SLR was discussed in the Annapolis-area plans varied. 3 plans listed SLR as a hazard facing the 

area (City of Annapolis Hazard Mitigation Plan, Anne Arundel County 2010 Hazard Mitigation 

Plan Update, Flood Mitigation Strategies for the City of Annapolis, MD: City Dock and Eastport 

Area). 3 of the plans also discussed actions in response to SLR, such as land use planning 

changes (Annapolis Comprehensive Plan, Anne Arundel County 2010 Hazard Mitigation Plan 
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Update) or elevating properties (Sea Level Rise Strategic Plan Anne Arundel County; see below 

for a more thorough discussion of proposed SLR adaptation actions from this document).  

 4 of the 13 plans make any usage of a term related to recurrent tidal flooding. 2 are from 

the Charleston area and 2 are from the Annapolis area. The Charleston Regional Hazard 

Mitigation Plan: 2016 Update first uses “tidal flooding,” though it is in the context of hurricane 

hazards; it also uses “high tide flooding” in three instances throughout the document in a context 

I understand to be synonymous to “recurrent tidal flooding.” The City of Charleston’s Sea Level 

Rise Strategy document uses several of the keywords I studied, including “tidal flooding,” 

“recurrent flooding” (understood to be synonymous with “recurrent tidal flooding”), and “king 

tide flooding.” The City of Annapolis Hazard Mitigation Plan uses the terms “nuisance 

flooding,” and “tidal flooding,” and the Flood Mitigation Strategies for the City of Annapolis, 

MD: City Dock and Eastport Area document uses “nuisance flooding,” “sunny day flooding,” 

and “high tide flooding.” The Sea Level Rise Strategic Plan Anne Arundel County does not use 

any terms related to recurrent tidal flooding.  

 6 of the 13 plans—3 in the Charleston area and 3 in the Annapolis area—propose 

measures to adapt to natural hazards. I examined the context in which adaptation was discussed 

and, if possible, determined whether the plan was proposing measures for protection, 

accommodation, and/or retreat. While the Century V: 2010 Comprehensive Plan Update from the 

City of Charleston neither mentions climate change nor sea level rise, it proposes protection 

measures such as building code updates and accommodation measures like elevating buildings 

and designing natural stormwater absorption features to adapt to flooding. While the plan fails to 

discuss climate change or SLR, these measures could be effective against these hazards. The 

Berkeley County Hazard Mitigation Plan: May 2015 Update proposes adaptation to coastal 

hazards through structural protection measures (i.e. hard structures) such as sea walls. Finally, 

the City of Charleston proposes an adaptation framework in its Sea Level Rise Strategy 

document called “Reinvest, Respond, Ready.” This SLR adaptation framework includes 

proposals for protection, accommodation, and retreat. Buyouts—in which homeowners are paid 

fair market value for their property and the land is turned into open space—are one specific 

retreat measure proposed to address properties that have flooded repeatedly in Charleston.  

 The 3 plans in Annapolis to propose adaptation measures are the City of Annapolis 

Hazard Mitigation Plan, Flood Mitigation Strategies for the City of Annapolis, MD: City Dock 
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and Eastport Area, and the Sea Level Rise Strategic Plan Anne Arundel County. The City of 

Annapolis Hazard Mitigation Plan specifically discusses adaptation strategies in the context of 

SLR adaptation and proposes locating investments in lower-risk areas—a form of retreat from 

coastal development. The Flood Mitigation Strategies for the City of Annapolis, MD: City Dock 

and Eastport Area document discusses several structural and non-structural methods to reduce 

damage from flooding that fall under protection, accommodation, and retreat (e.g. relocating 

structures out of hazardous areas). Lastly, the Sea Level Rise Strategic Plan Anne Arundel 

County also proposes measures for protection (e.g. drilling deeper wells to avoid saltwater 

intrusion), accommodation (e.g. using historic preservation tax credits to elevate flood-prone 

historic properties), and retreat (in the form of buyouts).  

 Finally, I evaluated whether these plans included any overarching discussion of 

resilience; 5 of the 13 do. Among the 4 such Charleston-area plans, 2 discuss the general goal of 

improving resilience to natural hazards but do not make the linkage to climate change or SLR 

(the Charleston Regional Hazard Mitigation Plan: 2016 Update and the Berkeley County Hazard 

Mitigation Plan: May 2015 Update). The 2035 CHATS Long Range Transportation Plan does 

discuss the importance of resilience to hazards that include climate change. Lastly, the Sea Level 

Rise Strategy document thoroughly discusses resilience to SLR, lays out a SLR resilience 

framework (Reinvest, Respond, Ready), and proposes specific SLR resilience actions for the 

City of Charleston. Only 1 plan from the Annapolis Area—the City of Annapolis Hazard 

Mitigation Plan—discusses resilience (in the context of coastal resiliency and community 

resiliency to a variety of hazards).  

 While many of the plans from the Charleston and Annapolis regions are discussing 

climate change, sea level rise, adaptation, or resilience, there is an overall lack of cohesiveness in 

these discussions and a lack of vision for a future that will be impacted by climate change. This 

is surprising, as all but one of these plans were published within the last 10 years, and climate 

change has not been a niche issue during this time period. Interestingly, the City of Charleston 

has more physical vulnerability to the effects of SLR based on my geospatial analysis (Table 6) 

yet there are fewer mentions of SLR across Charleston-area plans as compared to Annapolis-area 

plans. However, while both areas have plans that lay out their strategies to address SLR, only the 

City of Charleston’s Sea Level Rise Strategy document discusses RTF as a specific hazard 

stemming from rising seas. On adaptation, the Annapolis area has more plans than the Charleston 
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area that are considering the suite of options available to respond to natural hazards. Yet the 

overall coverage of adaptation as a topic for planning is fairly low; less than half of the plans I 

reviewed discuss adaptation to any natural hazards, let alone SLR or RTF. I also noted that the 2 

plans to propose buyouts are the SLR-specific documents from each region. Lastly, I was 

surprised to see that only 5 of the 13 plans used the terms “resilience” or “resiliency,” 

considering the widespread usage of these terms in natural hazards literature and the broad, 

generalist goals they imply (Godschalk 2003). It is important to remember that a plan can 

consider the concepts of hazards, resilience, and adaptation without using specific keywords, 

though the usage of such terminology signals an awareness of the field and the body of research 

and knowledge around these issues.  
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Table 7. Results of planning document analysis. 

  

Plan Name 
Presence of 
"climate 
change" 

Presence of 
"sea level 
rise" 

Usage of Terms Related to Recurrent Tidal Flooding Proposes 
adaptation 
measures 
relevant to 
SLR flood 
risk 

Protection Accommodation Retreat 

Presence of 
"resilience" 
or 
"resiliency" 

Nuisance 
Flooding 

Tidal 
Flooding 

Recurrent 
Tidal 

Flooding 

Sunny 
Day 

Flooding 

High 
Tide 

Flooding 

Shallow 
Coastal 

Flooding 

King Tide 
Flooding 

Charleston-Area Plans 
Century V 
2010 
Comprehensive 
Plan Update 

N N N N N N N N N Y Y Y N N 

2035 CHATS 
Long Range 
Transportation 
Plan 

Y N N N N N N N N N N N N Y 

Regional 
Transit & 
Coordination 
Plan Berkeley-
Charleston-
Dorchester 
Region 

N N N N N N N N N N N N N N 

Charleston 
Regional 
Hazard 
Mitigation Plan 
2016 Update 

Y N N Y N N Y N N N N N N Y 

Berkeley 
County Hazard 
Mitigation Plan 
May 2015 
Update Draft 

Y N N N N N N N N Y Y N N Y 

Sea Level Rise 
Strategy Y Y N Y Y N N N Y Y Y Y Y Y 
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Plan Name 
Presence of 
"climate 
change" 

Presence of 
"sea level 
rise" 

Usage of Terms Related to Recurrent Tidal Flooding Proposes 
adaptation 
measures 
relevant to 
SLR flood 
risk 

Protection Accommodation Retreat 

Presence of 
"resilience" 
or 
"resiliency" 

Nuisance 
Flooding 

Tidal 
Flooding 

Recurrent 
Tidal 

Flooding 

Sunny 
Day 

Flooding 

High 
Tide 

Flooding 

Shallow 
Coastal 

Flooding 
King Tide 
Flooding 

Annapolis-Area Plans   
Annapolis 
Comprehensive 
Plan 

Y Y N N N N N N N N N N N N 

Annapolis 
Regional 
Transportation 
Vision and 
Master Plan 

N N N N N N N N N N N N N N 

FY2013 – 
FY2018 Capital 
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Limitations 

 These results must be considered in light of data limitations, assumptions, and 

methodological challenges. The most important data limitation to consider is the use of the 

NOAA High Tide Flooding layer to determine the extent of RTF risk in Charleston and 

Annapolis. As this dataset was used to identify all the physically vulnerable features, and 

information on these vulnerable features was used in all subsequent analysis, my results are 

contingent on this flood risk dataset. The implications of using datasets such as this (i.e. flood 

vulnerability maps based solely on elevation analysis that do not consider flow dynamics and 

connectivity) must be considered when performing analysis such as mine. Another limitation 

was the scale of Census data used. Given my desire to have the most recent socio-demographic 

data for my analysis, I was only able to obtain population information at the Block Group level; 

if I had used data from the 2010 Census, I could have analyzed social vulnerability on the Block 

scale (the smallest Census unit). With finer resolution socio-demographic data, I may have been 

able to detect different spatial and statistical socio-demographic trends. I also did not include 

data on bus ridership beyond % Take Transit to Work. I do not have any information on 

residents’ ridership habits or their destinations, yet their destinations, time of travel, and other 

factors could influence their susceptibility to the impacts of RTF. I was also limited in the 

number of planning documents that I reviewed, though I believe I covered the most important 

types of plans to assess the planning landscape for considerations of climate change and its 

impacts.  

 Throughout my methods I made several assumptions, which must be acknowledged. For 

one, I am assuming that an identified physical vulnerability (e.g. a flooded road segment or bus 

route segment) could lead to a disruption in traffic or in transit service. I do not include any 

empirical data on what flood extent or severity actually causes a disruption that affects people. I 

also assume that an individual who takes transit to work is dependent on transit and therefore 

vulnerable to transit service disruptions, whereas some individuals who use public transit choose 

to use transit but have other forms of transportation that they could use if buses were disrupted 

(e.g. someone who chooses to take the bus but could drive to work if the bus was unavailable). 

Additionally, in the planning document analysis I was looking for specific keywords (e.g. 

“resilience”) to determine whether a plan was taking that concept into account. A plan can 

include concepts such as resilience and adaptation without using those specific words. However, 
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the inclusion of these terms signals an awareness of the language used by the field’s researchers 

and practitioners, and to not use these terms while discussing their related concepts would be 

suspect. 

 I also made some methodological choices that could have impacted my results. For 

example, I chose to use The National Map Feature Road Class attribute to identify road segment 

types that I assume to be at low elevation and therefore more likely to be vulnerable to RTF. 

However, I may still have included road segments unlikely to be vulnerable (e.g. bridges) or 

excluded vulnerable segments of road that are classified as Secondary Highway or Major 

Connecting Road, for example. Furthermore, I did not attempt to exclude low-elevation 

segments of bus routes, meaning that I could be overestimating the RTF vulnerability of bus 

routes and associated Block Groups. I did not use any buffering around my infrastructure 

features or flood extent layer, but instead had a strict definition for physical vulnerability that 

required features to intersect. A more nuanced approach could have been to buffer around 

infrastructure features to consider a certain proximity to RTF that might make a road segment, 

bus route, or bus stop vulnerable. Finally, I limited the scale of my geospatial analysis to the city 

boundaries of Charleston and Annapolis for ease of comparison and for time constraints, yet road 

features and transit systems extend beyond city limits—including a wider scope of study could 

provide a more detailed picture of vulnerability to recurrent tidal flooding throughout these cities 

and their metropolitan regions.   

Conclusions 
 In this Master’s Project, I developed and piloted a methodology to assess transportation 

vulnerability to recurrent tidal flooding. I first quantified how much of the transportation 

infrastructure in my two test cities—Charleston, SC and Annapolis, MD—is potentially exposed 

to recurrent tidal flooding. I found that while the physical vulnerability of road segments and bus 

stops is low (less than 2% of features vulnerable in either city), as many as 70% of bus routes in 

Charleston and 40% of bus routes in Annapolis could experience flooding during high tide 

events (Table 6)  

 I found that RTF has the potential to impact residents of these cities in several ways. 

First, over 70% of Block Groups in Charleston and 57% of Block Groups in Annapolis have 

some area that is vulnerable to RTF (Table 6). Furthermore, I identified 12 Block Groups in 
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Charleston and 2 in Annapolis that are hot spots of RTF risk over a high percentage of their area. 

Flood vulnerability of road segments is present in over 45% of Charleston Block Groups and 

over 21% in Annapolis Block Groups. And while just over 15% of Charleston Block Groups and 

3% of Annapolis Block Groups contain a bus route segment that is vulnerable to direct flooding, 

the percentages of Block Groups served by one or more vulnerable bus routes is over 66% in 

Charleston and 27% in Annapolis (Table 6).  Without traffic data, ridership data for each route, 

and a network model to assess travel time impacts of potential delays or road closures, it is not 

possible to quantify impacts from hypothetical flooding scenarios. However, my methods were 

able to show that there is potential for flooding of roads and bus routes, which has been shown in 

previous research to cause transit delays (Selvaraj 2016). 

 I was unable to assess the possibility of disproportionate flooding impacts across all of 

my socio-demographic variables. However, I did examine whether the Block Groups that are 

served by flood-vulnerable bus routes have high rates of transit ridership to work, which I used 

as a proxy for dependence on public transit. In Charleston I found consistent evidence that Block 

Groups with high ridership rates are clustered in a non-random manner across the city, and that 

high ridership rates are clustered among Block Groups served by a vulnerable route. 

Furthermore, I identified a consistent spatial pattern of high ridership hot spots in Block Groups 

located in downtown Charleston and to the north and east of downtown. Several of these Block 

Groups were identified as high ridership hot spots out of all Block Groups in the city, all Block 

Groups served by a bus route, and all Block Groups served by a flood-vulnerable bus route, 

suggesting that transit-dependent residents in these areas could experience disproportionate 

impacts from RTF-induced transit disruptions as opposed to residents in an average Charleston 

Block Group. In Annapolis I did not identify clustering of high ridership Block Groups, and the 

Block Groups identified as hot spots of high ridership were not spatially consistent across my 

three levels of hot spot analysis.  I am less confident in concluding that transit disruptions could 

have disproportionate impacts on the residents of high-ridership Block Groups in Annapolis.  

 Given that planning takes place at a variety of scales, I analyzed plans from the cities of 

Charleston and Annapolis as well as plans from their respective counties and other relevant 

planning bodies (Table 4). The Charleston and Annapolis regions have begun thinking about 

recurrent tidal flooding (and the broader effects of climate change and sea level rise) in some 

instances, though there is a lack of consistency across plans in both areas (Table 7). Only 4 of the 
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13 plans discuss recurrent tidal flooding as a specific hazard, while 6 discuss sea level rise and 8 

discuss climate change. Furthermore, none of the plans I analyzed make substantial linkages 

between climate hazards (SLR or RTF) and transportation infrastructure impacts or transit 

service disruptions. There is an increasing recognition that climate change and sea level rise are 

hazards that warrant planning discussions in the present to address future impacts, as evidenced 

by both regions publishing sea level rise planning documents within the past seven years. This is 

a necessary first step in planning for impacts such as recurrent tidal flooding, but more work is 

needed to concretely discuss RTF as a hazard in its own right, evaluate its impacts on 

transportation infrastructure and residents, and implement adaptation actions to protect socially 

vulnerable populations and protect, redesign, or relocate infrastructure in flood-prone areas.  

Recommendations 

To Cities and Stakeholders 

 Several findings from this research could be incorporated into Annapolis’ or Charleston’s 

work on coastal hazards and used as a starting point for a more in-depth analysis of recurrent 

tidal flooding. Using the maps that identify specific locations that are potentially vulnerable to 

RTF, city officials could ground-truth these predictions and identify additional vulnerable 

locations to incorporate into this research’s products. That information on vulnerable roads, 

routes, bus stops, and Block Groups could be incorporated with other vulnerability information 

in a variety of plans (e.g. sea level rise plan, transit plan, hazard mitigation plan). I also identified 

‘choke points’ for road and bus route flooding, as well as statistically significant hot spots of 

transit ridership (Figure 12 and Figure 13), that warrant additional attention from planners. If 

further research confirms that these areas are prone to RTF impacts that are disproportionately 

affecting a large contingent of residents, planners will have solid evidence for taking action to 

address these vulnerabilities. 

 Of course, recurrent tidal flooding does not only affect planners and city officials, and 

this information cannot only reside within city offices. Residents and communities will be 

experiencing the effects of RTF first-hand; planners should utilize the results from this Project 

and other information to educate communities about their natural hazard vulnerability. Further, 

these interactions cannot be one-way exchanges of information; they must be participatory. 

Residents and local leaders can be integral partners in adapting to climate change, as they hold 
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local knowledge of vulnerable areas and can shape adaptation plans to best suit their own needs 

(Arnstein 1969). It is important to recognize the challenge of engaging in participatory planning; 

these communities with high social vulnerability may have a history of exclusion from the 

planning process and may be slow to trust city officials. Despite the challenges this history can 

pose, the state of the situation requires that planners and city officials make the necessary efforts 

to overcome the hurdles, build trust, and resolve conflicts so that all parties can benefit from the 

hazards planning process (Forester 1987). 

 
For Future Analysis 

 There are several ways that interested parties could improve or expand upon the 

methodology developed in this Master’s Project. If data are available, I recommend utilizing a 

different method from the High Tide Flooding layer to determine the extent of flood risk, such as 

a flood raster that considers flow connectivity between cells. Alternatively, the High Tide Flood 

layer could be used in conjunction with ground observations of flood extent from RTF events or 

other ancillary data to improve the accuracy of flood risk predictions. Regardless, any future 

researcher using this methodology must consider the implications of the RTF risk layer used.  

 I also recommend improving the methods by which vulnerable roads and other 

infrastructure features are identified. Data on the elevations of road segments in a city would be 

helpful for ruling out elevated road segments erroneously identified as vulnerable or for 

validating the vulnerability of identified segments. Furthermore, elevation data could be used to 

improve the identification of vulnerable bus routes and the populations they serve. To improve 

the identification of vulnerable features that were not captured in this analysis, I recommend 

expanding a buffer or radius of impact around each feature or around the flood risk data to 

account for the fact that access to roads, routes, and bus stops might be impeded if there is 

flooding in their vicinity.  

 A final data improvement I recommend is to consider using Census Blocks instead of (or 

in conjunction with) Census Block Groups. Different spatial trends in socio-demographic 

variables may be apparent at various levels of Census data aggregation, and it would be 

interesting to see if similar patterns to this analysis emerge with smaller Census units or if the 

results would differ. One important aspect to consider when using Census Blocks is that these 

data are only available from the years of the decennial census (i.e. the most recent data are from 
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2010), while estimates of populations at the Block Group level are now available for 2016 at the 

time of writing. Data relevancy and scale are important tradeoffs to examine, and the winning 

consideration will likely vary depending on the research context. 

 There are several additional lines of inquiry raised by my methods and results that, given 

more time and data, I would have liked to explore. First, it would be interesting to use this 

method with sea level rise inundation predictions and compare those results to the RTF hazard. 

This would be a useful tool for planning as well, as officials could get a better understanding of 

the potential evolution of inundation risk as we shift from occasional recurrent tidal flooding to 

frequent RTF and permanent inundation. With this information, planners could begin to develop 

adaptive plans in which near-term actions to address RTF set cities on the right path to address a 

range of SLR scenarios that could unfold in the future (Quay 2010). 

 Performing a network analysis is the natural next step for evaluating potential transit 

disruptions. With an existing network model, planners could explore different RTF disruption 

scenarios of roads and bus routes to get a more dynamic understanding of how flooding could 

impact transit networks. I would also recommend combining this desktop analysis with a social 

science perspective (e.g. Selvaraj 2016) to better understand residents’ usage of roads and transit, 

and their dependence on transit, which would allow a more nuanced understanding of where, 

when, and how people are traveling. Planners could then answer questions such as: If a road or 

bus route were to be re-routed to avoid flooding, how would that affect traffic and travel times? 

And how would that change the ease of getting to important destinations like employment 

centers? Therefore, adaptation efforts could be targeted at the most critical roads and bus routes. 

 The statistical analysis on socio-demographic variables could be greatly expanded and 

refocused to other relevant population characteristics in a study area. The spatial statistics 

methods used in this Project could be applied to the 6 socio-demographic variables that I did not 

analyze, or cities could choose other relevant variables and tailor them to the purpose of their 

analysis. It would also be interesting to determine if transit dependence hot spots are co-located 

with other hot spots of high social vulnerability (e.g. low incomes). This would build a fuller 

picture of social vulnerability in a city and help planners understand the various interconnected 

social issues that increase someone’s vulnerability to natural hazards like RTF. By identifying 

areas of the city that have high vulnerability and low capacity to respond to hazards, the city can 
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better target its data collection efforts, research, outreach, and planning to areas that are most in 

need. 

 Finally, there are many fronts for expanding the evaluation and improvement of planning 

efforts. Further research could include more plans for analysis and could expand the plan 

evaluation criteria to look for specific plan features or evaluate discussions of other hazard types. 

There are also several other scales of planning to consider when developing a response to natural 

hazards: neighborhoods, City Council Districts, voting wards, counties, and regions are all 

politically and socially relevant planning scales with decision-makers in positions of power to 

influence residents’ thoughts or shape planning decisions. Recurrent tidal flooding will not be 

isolated to city boundaries; it will take a sustained, coordinated effort across many scales of 

government and levels of society to address this hazard in a timely, cost-effective, and equitable 

manner.  
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Appendix A. Geospatial Analysis models and scripts 
 
Charleston model and script 
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# -*- coding: utf-8 -*- 
# --------------------------------------------------------------------------- 
# C_Script.py 
# Created on: 2018-02-27 15:01:35.00000 
#   (generated by ArcGIS/ModelBuilder) 
# Description:  
# --------------------------------------------------------------------------- 
  
# Import arcpy module 
import arcpy 
  
  
# Local variables: 
Trans_RoadSegment = "Z:\\MP\\Data\\Roads\\TRAN_45_South_Carolina_GU_STATEORTERRITORY.gdb\\Transportation\\Trans_RoadSegment" 
Charleston_floodlayer = "Z:\\MP\\Data\\NOAA_Shallow_Coastal_Flooding\\Floodlayer_polys.gdb\\Charleston_floodlayer" 
Charleston_City_Limits_shp = "Z:\\MP\\Data\\City_boundaries\\Charleston\\Charleston_City_Limits\\Charleston_City_Limits.shp" 
Charleston_cityareaflooded = "Z:\\MP\\Analysis\\Charleston\\CharlestonCity_analysis.gdb\\Charleston_cityareaflooded" 
Roads_withinCharleston_allElev__7_ = Charleston_cityareaflooded 
Charleston_MetersOfRoadFlooded_allElev = "Z:\\MP\\Analysis\\Charleston\\CharlestonCity_analysis.gdb\\Charleston_MetersOfRoadFlooded_allElev" 
Roads_withinCharleston_allElev = "Z:\\MP\\Analysis\\Charleston\\CharlestonCity_analysis.gdb\\Roads_withinCharleston_allElev" 
Roads_withinCharleston_allElev__6_ = "Roads_withinCharleston_allElev" 
Charleston_RoadSegmentsFlooded_allElev = "Z:\\MP\\Analysis\\Charleston\\CharlestonCity_analysis.gdb\\Charleston_RoadSegmentsFlooded_allElev" 
Roads_withinCharleston_allElev__4_ = "Roads_withinCharleston_allElev" 
Roads_withinCharleston_allElev__5_ = Roads_withinCharleston_allElev__4_ 
Roads_withinCharleston_lowElev = "Z:\\MP\\Analysis\\Charleston\\CharlestonCity_analysis.gdb\\Roads_withinCharleston_lowElev" 
Charleston_cityareaflooded__2_ = "Z:\\MP\\Analysis\\Charleston\\Charleston_analysis.gdb\\Charleston_cityareaflooded" 
Roads_withinCharleston_lowElev__3_ = Charleston_cityareaflooded__2_ 
Charleston_MetersOfRoadFlooded_lowElev = "Z:\\MP\\Analysis\\Charleston\\CharlestonCity_analysis.gdb\\Charleston_MetersOfRoadFlooded_lowElev" 
Roads_withinCharleston_lowElev__2_ = "Roads_withinCharleston_lowElev" 
Charleston_RoadSegmentsFlooded_lowElev = "Z:\\MP\\Analysis\\Charleston\\CharlestonCity_analysis.gdb\\Charleston_RoadSegmentsFlooded_lowElev" 
Routes_intersectingCharleston__2_ = "Routes_intersectingCharleston" 
Routes_intersectingCharleston__3_ = Routes_intersectingCharleston__2_ 
Charleston_cityareaflooded__4_ = "Charleston_cityareaflooded" 
Charleston_RoutesFlooded = "Z:\\MP\\Analysis\\Charleston\\CharlestonCity_analysis.gdb\\Charleston_RoutesFlooded" 
CityofCharleston_ACS = "Base\\CityofCharleston_ACS" 
BGs_withinCity__3_ = CityofCharleston_ACS 
Charleston_cityareaflooded__3_ = "Z:\\MP\\Analysis\\Charleston\\Charleston_analysis.gdb\\Charleston_cityareaflooded" 
CityofCharleston_BGs_Flooded = "Z:\\MP\\Analysis\\Charleston\\CharlestonCity_analysis.gdb\\CityofCharleston_BGs_Flooded" 
CityofCharleston_ACS__2_ = "Base\\CityofCharleston_ACS" 
CityofCharleston_ACS__3_ = CityofCharleston_ACS__2_ 
Charleston_RoadSegmentsFlooded_allElev__2_ = "Roads_allElev\\Charleston_RoadSegmentsFlooded_allElev" 
CityofCharleston_BGs_FloodedRoads_allElev = 
"Z:\\MP\\Analysis\\Charleston\\CharlestonCity_analysis.gdb\\CityofCharleston_BGs_FloodedRoads_allElev" 
CityofCharleston_ACS__4_ = "Base\\CityofCharleston_ACS" 
CityofCharleston_ACS__5_ = CityofCharleston_ACS__4_ 
Charleston_RoadSegmentsFlooded_lowElev__2_ = "Roads_lowElev\\Charleston_RoadSegmentsFlooded_lowElev" 
CityofCharleston_BGs_FloodedRoads_lowElev = 
"Z:\\MP\\Analysis\\Charleston\\CharlestonCity_analysis.gdb\\CityofCharleston_BGs_FloodedRoads_lowElev" 
CityofCharleston_ACS__8_ = "Base\\CityofCharleston_ACS" 
CityofCharleston_ACS__9_ = CityofCharleston_ACS__8_ 
Charleston_RoutesFlooded__2_ = "Transit\\Charleston_RoutesFlooded" 
CityofCharleston_BGs_ServedByRouteThatFloods = 
"Z:\\MP\\Analysis\\Charleston\\CharlestonCity_analysis.gdb\\CityofCharleston_BGs_ServedByRouteThatFloods" 
Charleston_MetersOfRouteFlooded = "Z:\\MP\\Analysis\\Charleston\\CharlestonCity_analysis.gdb\\Charleston_MetersOfRouteFlooded" 
CityofCharleston_ACS__10_ = "Base\\CityofCharleston_ACS" 
CityofCharleston_ACS__11_ = CityofCharleston_ACS__10_ 
Charleston_StopsFlooded__2_ = "Transit\\Charleston_StopsFlooded" 
CityofCharleston_BGs_FloodedStopsWithin = "Z:\\MP\\Analysis\\Charleston\\CharlestonCity_analysis.gdb\\CityofCharleston_BGs_FloodedStopsWithin" 
Charleston_cityareaflooded__5_ = "Charleston_cityareaflooded" 
Charleston_stops_100217 = "Z:\\MP\\Data\\GTFS\\GTFS.gdb\\Charleston_stops_100217" 
Charleston_City_Limits = "Charleston_City_Limits" 
Charleston_routes_100217 = Charleston_City_Limits 
Stops_intersectingCharleston = "Z:\\MP\\Analysis\\Charleston\\CharlestonCity_analysis.gdb\\Stops_intersectingCharleston" 
Charleston_StopsFlooded = "Z:\\MP\\Analysis\\Charleston\\CharlestonCity_analysis.gdb\\Charleston_StopsFlooded" 
Charleston_routes_100217__2_ = "Charleston_routes_100217" 
Routes_intersectingCharleston = "Z:\\MP\\Analysis\\Charleston\\CharlestonCity_analysis.gdb\\Routes_intersectingCharleston" 
CityofCharleston_ACS__6_ = "Base\\CityofCharleston_ACS" 
CityofCharleston_ACS__7_ = CityofCharleston_ACS__6_ 
Charleston_MetersOfRouteFlooded__3_ = "Transit\\Charleston_MetersOfRouteFlooded" 
CityofCharleston_BGs_FloodedRouteWithin = 
"Z:\\MP\\Analysis\\Charleston\\CharlestonCity_analysis.gdb\\CityofCharleston_BGs_FloodedRouteWithin" 
City_Council_Districts = "City_Council_Districts" 
City_Council_Districts__3_ = City_Council_Districts 
Charleston_cityareaflooded__6_ = "Base\\Charleston_cityareaflooded" 
Neighborhood_Councils__3_ = Charleston_cityareaflooded__6_ 
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Charleston_CityCouncilDistricts_Flooded = "Z:\\MP\\Analysis\\Charleston\\CharlestonCity_analysis.gdb\\Charleston_CityCouncilDistricts_Flooded" 
Neighborhood_Councils = "Neighborhood_Councils" 
Charleston_NeighborhoodCouncils_Flooded = "Z:\\MP\\Analysis\\Charleston\\CharlestonCity_analysis.gdb\\Charleston_NeighborhoodCouncils_Flooded" 
  
# Set Geoprocessing environments 
arcpy.env.scratchWorkspace = "C:\\Temp" 
arcpy.env.outputCoordinateSystem = 
"PROJCS['NAD_1983_UTM_Zone_17N',GEOGCS['GCS_North_American_1983',DATUM['D_North_American_1983',SPHEROID['GRS_1980',637813
7.0,298.257222101]],PRIMEM['Greenwich',0.0],UNIT['Degree',0.0174532925199433]],PROJECTION['Transverse_Mercator'],PARAMETER['False_East
ing',500000.0],PARAMETER['False_Northing',0.0],PARAMETER['Central_Meridian',-
81.0],PARAMETER['Scale_Factor',0.9996],PARAMETER['Latitude_Of_Origin',0.0],UNIT['Meter',1.0]]" 
arcpy.env.geographicTransformations = "" 
arcpy.env.workspace = "Z:\\MP\\Analysis\\Charleston\\CharlestonCity_analysis.gdb" 
  
# Process: Intersect 
arcpy.Intersect_analysis("Z:\\MP\\Data\\NOAA_Shallow_Coastal_Flooding\\Floodlayer_polys.gdb\\Charleston_floodlayer 
#;Z:\\MP\\Data\\City_boundaries\\Charleston\\Charleston_City_Limits\\Charleston_City_Limits.shp #", Charleston_cityareaflooded, "ALL", "", "INPUT") 
  
# Process: Clip 
arcpy.Clip_analysis(Trans_RoadSegment, Charleston_cityareaflooded, Charleston_MetersOfRoadFlooded_allElev, "") 
  
# Process: Intersect (2) 
arcpy.Intersect_analysis("Z:\\MP\\Data\\Roads\\TRAN_45_South_Carolina_GU_STATEORTERRITORY.gdb\\Transportation\\Trans_RoadSegment 
#;Z:\\MP\\Data\\City_boundaries\\Charleston\\Charleston_City_Limits\\Charleston_City_Limits.shp #", Roads_withinCharleston_allElev, "ALL", "", 
"INPUT") 
  
# Process: Select Layer By Location 
arcpy.SelectLayerByLocation_management(Roads_withinCharleston_allElev__6_, "INTERSECT", Charleston_cityareaflooded, "", 
"NEW_SELECTION", "NOT_INVERT") 
  
# Process: Copy Features 
arcpy.CopyFeatures_management(Roads_withinCharleston_allElev__7_, Charleston_RoadSegmentsFlooded_allElev, "", "0", "0", "0") 
  
# Process: Select Layer By Attribute 
arcpy.SelectLayerByAttribute_management(Roads_withinCharleston_allElev__4_, "NEW_SELECTION", "TNMFRC = 3 OR TNMFRC = 4 OR 
TNMFRC = 6") 
  
# Process: Copy Features (2) 
arcpy.CopyFeatures_management(Roads_withinCharleston_allElev__5_, Roads_withinCharleston_lowElev, "", "0", "0", "0") 
  
# Process: Clip (2) 
arcpy.Clip_analysis(Roads_withinCharleston_lowElev, Charleston_cityareaflooded__2_, Charleston_MetersOfRoadFlooded_lowElev, "") 
  
# Process: Select Layer By Location (2) 
arcpy.SelectLayerByLocation_management(Roads_withinCharleston_lowElev__2_, "INTERSECT", Charleston_cityareaflooded__2_, "", 
"NEW_SELECTION", "NOT_INVERT") 
  
# Process: Copy Features (3) 
arcpy.CopyFeatures_management(Roads_withinCharleston_lowElev__3_, Charleston_RoadSegmentsFlooded_lowElev, "", "0", "0", "0") 
  
# Process: Select Layer By Location (3) 
arcpy.SelectLayerByLocation_management(Routes_intersectingCharleston__2_, "INTERSECT", Charleston_cityareaflooded__4_, "", 
"NEW_SELECTION", "NOT_INVERT") 
  
# Process: Copy Features (4) 
arcpy.CopyFeatures_management(Routes_intersectingCharleston__3_, Charleston_RoutesFlooded, "", "0", "0", "0") 
  
# Process: Select Layer By Location (5) 
arcpy.SelectLayerByLocation_management(CityofCharleston_ACS, "INTERSECT", Charleston_cityareaflooded__3_, "", "NEW_SELECTION", 
"NOT_INVERT") 
  
# Process: Copy Features (6) 
arcpy.CopyFeatures_management(BGs_withinCity__3_, CityofCharleston_BGs_Flooded, "", "0", "0", "0") 
  
# Process: Select Layer By Location (6) 
arcpy.SelectLayerByLocation_management(CityofCharleston_ACS__2_, "INTERSECT", Charleston_RoadSegmentsFlooded_allElev__2_, "", 
"NEW_SELECTION", "NOT_INVERT") 
  
# Process: Copy Features (7) 
arcpy.CopyFeatures_management(CityofCharleston_ACS__3_, CityofCharleston_BGs_FloodedRoads_allElev, "", "0", "0", "0") 
  
# Process: Select Layer By Location (7) 
arcpy.SelectLayerByLocation_management(CityofCharleston_ACS__4_, "INTERSECT", Charleston_RoadSegmentsFlooded_lowElev__2_, "", 
"NEW_SELECTION", "NOT_INVERT") 
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# Process: Copy Features (8) 
arcpy.CopyFeatures_management(CityofCharleston_ACS__5_, CityofCharleston_BGs_FloodedRoads_lowElev, "", "0", "0", "0") 
  
# Process: Select Layer By Location (9) 
arcpy.SelectLayerByLocation_management(CityofCharleston_ACS__8_, "INTERSECT", Charleston_RoutesFlooded__2_, "", "NEW_SELECTION", 
"NOT_INVERT") 
  
# Process: Copy Features (10) 
arcpy.CopyFeatures_management(CityofCharleston_ACS__9_, CityofCharleston_BGs_ServedByRouteThatFloods, "", "0", "0", "0") 
  
# Process: Clip (3) 
arcpy.Clip_analysis(Routes_intersectingCharleston__2_, Charleston_cityareaflooded__4_, Charleston_MetersOfRouteFlooded, "") 
  
# Process: Select Layer By Location (10) 
arcpy.SelectLayerByLocation_management(CityofCharleston_ACS__10_, "INTERSECT", Charleston_StopsFlooded__2_, "", "NEW_SELECTION", 
"NOT_INVERT") 
  
# Process: Copy Features (11) 
arcpy.CopyFeatures_management(CityofCharleston_ACS__11_, CityofCharleston_BGs_FloodedStopsWithin, "", "0", "0", "0") 
  
# Process: Intersect (3) 
arcpy.Intersect_analysis("Z:\\MP\\Data\\GTFS\\GTFS.gdb\\Charleston_stops_100217 #;Charleston_City_Limits #", Stops_intersectingCharleston, "ALL", 
"", "INPUT") 
  
# Process: Intersect (5) 
arcpy.Intersect_analysis("Charleston_cityareaflooded #;Z:\\MP\\Analysis\\Charleston\\CharlestonCity_analysis.gdb\\Stops_intersectingCharleston #", 
Charleston_StopsFlooded, "ALL", "", "INPUT") 
  
# Process: Select Layer By Location (4) 
arcpy.SelectLayerByLocation_management(Charleston_routes_100217__2_, "INTERSECT", Charleston_City_Limits, "", "NEW_SELECTION", 
"NOT_INVERT") 
  
# Process: Copy Features (5) 
arcpy.CopyFeatures_management(Charleston_routes_100217, Routes_intersectingCharleston, "", "0", "0", "0") 
  
# Process: Select Layer By Location (8) 
arcpy.SelectLayerByLocation_management(CityofCharleston_ACS__6_, "INTERSECT", Charleston_MetersOfRouteFlooded__3_, "", 
"NEW_SELECTION", "NOT_INVERT") 
  
# Process: Copy Features (9) 
arcpy.CopyFeatures_management(CityofCharleston_ACS__7_, CityofCharleston_BGs_FloodedRouteWithin, "", "0", "0", "0") 
  
# Process: Select Layer By Location (11) 
arcpy.SelectLayerByLocation_management(City_Council_Districts, "INTERSECT", Charleston_cityareaflooded__6_, "", "NEW_SELECTION", 
"NOT_INVERT") 
  
# Process: Copy Features (12) 
arcpy.CopyFeatures_management(City_Council_Districts__3_, Charleston_CityCouncilDistricts_Flooded, "", "0", "0", "0") 
  
# Process: Select Layer By Location (12) 
arcpy.SelectLayerByLocation_management(Neighborhood_Councils, "INTERSECT", Charleston_cityareaflooded__6_, "", "NEW_SELECTION", 
"NOT_INVERT") 
  
# Process: Copy Features (13) 
arcpy.CopyFeatures_management(Neighborhood_Councils__3_, Charleston_NeighborhoodCouncils_Flooded, "", "0", "0", "0") 
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# -*- coding: utf-8 -*- 
# --------------------------------------------------------------------------- 
# A_Script.py 
# Created on: 2018-02-27 15:05:18.00000 
#   (generated by ArcGIS/ModelBuilder) 
# Description:  
# --------------------------------------------------------------------------- 
  
# Import arcpy module 
import arcpy 
  
  
# Local variables: 
Annapolis_2014 = "Annapolis_2014" 
Trans_RoadSegment = "Z:\\MP\\Data\\Roads\\TRAN_24_Maryland_GU_STATEORTERRITORY.gdb\\Transportation\\Trans_RoadSegment" 
Roads_withinAnnapolis_allElev = "Z:\\MP\\Analysis\\Annapolis\\Annapolis_analysis.gdb\\Roads_withinAnnapolis_allElev" 
Annapolis_Baltimore_floodlayer = "Annapolis_Baltimore_floodlayer" 
Annapolis_cityareaflooded = "Z:\\MP\\Analysis\\Annapolis\\Annapolis_analysis.gdb\\Annapolis_cityareaflooded" 
Roads_withinAnnapolis_allElev__3_ = Annapolis_cityareaflooded 
Annapolis_MetersOfRoadFlooded_allElev = "Z:\\MP\\Analysis\\Annapolis\\Annapolis_analysis.gdb\\Annapolis_MetersOfRoadFlooded_allElev" 
Roads_withinAnnapolis_allElev__2_ = "Roads_withinAnnapolis_allElev" 
Annapolis_RoadSegmentsFlooded_allElev = "Z:\\MP\\Analysis\\Annapolis\\Annapolis_analysis.gdb\\Annapolis_RoadSegmentsFlooded_allElev" 
Anne_Arundel_ACS = "Base\\Anne_Arundel_ACS" 
Anne_Arundel_ACS__3_ = Anne_Arundel_ACS 
Annapolis_2014__2_ = "Base\\Annapolis_2014" 
CityofAnnapolis_ACS = "Z:\\MP\\Data\\ACS\\blockgroups_City.gdb\\CityofAnnapolis_ACS" 
Annapolis_cityareaflooded__2_ = "Base\\Annapolis_cityareaflooded" 
Annapolis_stops_033017 = "Transit\\Annapolis_stops_033017" 
Annapolis_2014__3_ = "Base\\Annapolis_2014" 
Annapolis_routes_033017__3_ = Annapolis_2014__3_ 
Stops_intersectingAnnapolis = "Z:\\MP\\Analysis\\Annapolis\\Annapolis_analysis.gdb\\Stops_intersectingAnnapolis" 
Annapolis_StopsFlooded = "Z:\\MP\\Analysis\\Annapolis\\Annapolis_analysis.gdb\\Annapolis_StopsFlooded" 
Annapolis_routes_033017 = "Transit\\Annapolis_routes_033017" 
Routes_intersectingAnnapolis = "Z:\\MP\\Analysis\\Annapolis\\Annapolis_analysis.gdb\\Routes_intersectingAnnapolis" 
Routes_intersectingAnnapolis__2_ = "Transit\\Routes_intersectingAnnapolis" 
Routes_intersectingAnnapolis__4_ = Routes_intersectingAnnapolis__2_ 
Annapolis_cityareaflooded__3_ = "Base\\Annapolis_cityareaflooded" 
Annapolis_RoutesFlooded = "Z:\\MP\\Analysis\\Annapolis\\Annapolis_analysis.gdb\\Annapolis_RoutesFlooded" 
Annapolis_MetersOfRouteFlooded = "Z:\\MP\\Analysis\\Annapolis\\Annapolis_analysis.gdb\\Annapolis_MetersOfRouteFlooded" 
CityofAnnapolis_ACS__9_ = "Base\\CityofAnnapolis_ACS" 
CityofAnnapolis_ACS__12_ = CityofAnnapolis_ACS__9_ 
Annapolis_StopsFlooded__2_ = "Transit\\Annapolis_StopsFlooded" 
CityofAnnapolis_ACS__2_ = "Base\\CityofAnnapolis_ACS" 
CityofAnnapolis_ACS__4_ = CityofAnnapolis_ACS__2_ 
Annapolis_cityareaflooded__4_ = "Base\\Annapolis_cityareaflooded" 
CityofAnnapolis_BGs_Flooded = "Z:\\MP\\Analysis\\Annapolis\\Annapolis_analysis.gdb\\CityofAnnapolis_BGs_Flooded" 
CityofAnnapolis_ACS__3_ = "Base\\CityofAnnapolis_ACS" 
CityofAnnapolis_ACS__6_ = CityofAnnapolis_ACS__3_ 
Annapolis_RoadSegmentsFlooded_allElev__2_ = "Roads_allElev_AND_lowElev\\Annapolis_RoadSegmentsFlooded_allElev" 
CityofAnnapolis_BGs_FloodedRoads_allElev = "Z:\\MP\\Analysis\\Annapolis\\Annapolis_analysis.gdb\\CityofAnnapolis_BGs_FloodedRoads_allElev" 
CityofAnnapolis_ACS__5_ = "Base\\CityofAnnapolis_ACS" 
CityofAnnapolis_ACS__8_ = CityofAnnapolis_ACS__5_ 
Annapolis_MetersOfRouteFlooded__2_ = "Transit\\Annapolis_MetersOfRouteFlooded" 
CityofAnnapolis_BGs_FloodedRouteWithin = "Z:\\MP\\Analysis\\Annapolis\\Annapolis_analysis.gdb\\CityofAnnapolis_BGs_FloodedRouteWithin" 
CityofAnnapolis_ACS__7_ = "Base\\CityofAnnapolis_ACS" 
CityofAnnapolis_ACS__10_ = CityofAnnapolis_ACS__7_ 
Annapolis_RoutesFlooded__2_ = "Transit\\Annapolis_RoutesFlooded" 
CityofAnnapolis_BGs_ServedByRouteThatFloods = 
"Z:\\MP\\Analysis\\Annapolis\\Annapolis_analysis.gdb\\CityofAnnapolis_BGs_ServedByRouteThatFloods" 
adm_Wards_2012 = "adm_Wards_2012" 
adm_Wards_2012__3_ = adm_Wards_2012 
Annapolis_cityareaflooded__5_ = "Base\\Annapolis_cityareaflooded" 
Annapolis_VotingWards_Flooded = "Z:\\MP\\Analysis\\Annapolis\\Annapolis_analysis.gdb\\Annapolis_VotingWards_Flooded" 
  
# Set Geoprocessing environments 
arcpy.env.scratchWorkspace = "C:/Temp" 
arcpy.env.outputCoordinateSystem = 
"PROJCS['NAD_1983_UTM_Zone_18N',GEOGCS['GCS_North_American_1983',DATUM['D_North_American_1983',SPHEROID['GRS_1980',637813
7.0,298.257222101]],PRIMEM['Greenwich',0.0],UNIT['Degree',0.0174532925199433]],PROJECTION['Transverse_Mercator'],PARAMETER['False_East
ing',500000.0],PARAMETER['False_Northing',0.0],PARAMETER['Central_Meridian',-
75.0],PARAMETER['Scale_Factor',0.9996],PARAMETER['Latitude_Of_Origin',0.0],UNIT['Meter',1.0]]" 
arcpy.env.geographicTransformations = "" 
arcpy.env.workspace = "Z:\\MP\\Analysis\\Annapolis\\Annapolis_analysis.gdb" 
  
# Process: Intersect (2) 
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arcpy.Intersect_analysis("Annapolis_2014 
#;Z:\\MP\\Data\\Roads\\TRAN_24_Maryland_GU_STATEORTERRITORY.gdb\\Transportation\\Trans_RoadSegment #", 
Roads_withinAnnapolis_allElev, "ALL", "", "INPUT") 
  
# Process: Intersect 
arcpy.Intersect_analysis("Annapolis_Baltimore_floodlayer #;Annapolis_2014 #", Annapolis_cityareaflooded, "ALL", "", "INPUT") 
  
# Process: Clip 
arcpy.Clip_analysis(Trans_RoadSegment, Annapolis_cityareaflooded, Annapolis_MetersOfRoadFlooded_allElev, "") 
  
# Process: Select Layer By Location 
arcpy.SelectLayerByLocation_management(Roads_withinAnnapolis_allElev__2_, "INTERSECT", Annapolis_cityareaflooded, "", "NEW_SELECTION", 
"NOT_INVERT") 
  
# Process: Copy Features 
arcpy.CopyFeatures_management(Roads_withinAnnapolis_allElev__3_, Annapolis_RoadSegmentsFlooded_allElev, "", "0", "0", "0") 
  
# Process: Select Layer By Location (2) 
arcpy.SelectLayerByLocation_management(Anne_Arundel_ACS, "INTERSECT", Annapolis_2014__2_, "", "NEW_SELECTION", "NOT_INVERT") 
  
# Process: Copy Features (2) 
arcpy.CopyFeatures_management(Anne_Arundel_ACS__3_, CityofAnnapolis_ACS, "", "0", "0", "0") 
  
# Process: Intersect (3) 
arcpy.Intersect_analysis("Transit\\Annapolis_stops_033017 #;Base\\Annapolis_2014 #", Stops_intersectingAnnapolis, "ALL", "", "INPUT") 
  
# Process: Intersect (4) 
arcpy.Intersect_analysis("Base\\Annapolis_cityareaflooded #;Z:\\MP\\Analysis\\Annapolis\\Annapolis_analysis.gdb\\Stops_intersectingAnnapolis #", 
Annapolis_StopsFlooded, "ALL", "", "INPUT") 
  
# Process: Select Layer By Location (3) 
arcpy.SelectLayerByLocation_management(Annapolis_routes_033017, "INTERSECT", Annapolis_2014__3_, "", "NEW_SELECTION", 
"NOT_INVERT") 
  
# Process: Copy Features (3) 
arcpy.CopyFeatures_management(Annapolis_routes_033017__3_, Routes_intersectingAnnapolis, "", "0", "0", "0") 
  
# Process: Select Layer By Location (4) 
arcpy.SelectLayerByLocation_management(Routes_intersectingAnnapolis__2_, "INTERSECT", Annapolis_cityareaflooded__3_, "", 
"NEW_SELECTION", "NOT_INVERT") 
  
# Process: Copy Features (4) 
arcpy.CopyFeatures_management(Routes_intersectingAnnapolis__4_, Annapolis_RoutesFlooded, "", "0", "0", "0") 
  
# Process: Clip (2) 
arcpy.Clip_analysis(Routes_intersectingAnnapolis__2_, Annapolis_cityareaflooded__3_, Annapolis_MetersOfRouteFlooded, "") 
  
# Process: Select Layer By Location (10) 
arcpy.SelectLayerByLocation_management(CityofAnnapolis_ACS__9_, "INTERSECT", Annapolis_StopsFlooded__2_, "", "NEW_SELECTION", 
"NOT_INVERT") 
  
# Process: Select Layer By Location (5) 
arcpy.SelectLayerByLocation_management(CityofAnnapolis_ACS__2_, "INTERSECT", Annapolis_cityareaflooded__4_, "", "NEW_SELECTION", 
"NOT_INVERT") 
  
# Process: Copy Features (5) 
arcpy.CopyFeatures_management(CityofAnnapolis_ACS__4_, CityofAnnapolis_BGs_Flooded, "", "0", "0", "0") 
  
# Process: Select Layer By Location (6) 
arcpy.SelectLayerByLocation_management(CityofAnnapolis_ACS__3_, "INTERSECT", Annapolis_RoadSegmentsFlooded_allElev__2_, "", 
"NEW_SELECTION", "NOT_INVERT") 
  
# Process: Copy Features (6) 
arcpy.CopyFeatures_management(CityofAnnapolis_ACS__6_, CityofAnnapolis_BGs_FloodedRoads_allElev, "", "0", "0", "0") 
  
# Process: Select Layer By Location (8) 
arcpy.SelectLayerByLocation_management(CityofAnnapolis_ACS__5_, "INTERSECT", Annapolis_MetersOfRouteFlooded__2_, "", 
"NEW_SELECTION", "NOT_INVERT") 
  
# Process: Copy Features (7) 
arcpy.CopyFeatures_management(CityofAnnapolis_ACS__8_, CityofAnnapolis_BGs_FloodedRouteWithin, "", "0", "0", "0") 
  
# Process: Select Layer By Location (7) 
arcpy.SelectLayerByLocation_management(CityofAnnapolis_ACS__7_, "INTERSECT", Annapolis_RoutesFlooded__2_, "", "NEW_SELECTION", 
"NOT_INVERT") 
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# Process: Copy Features (8) 
arcpy.CopyFeatures_management(CityofAnnapolis_ACS__10_, CityofAnnapolis_BGs_ServedByRouteThatFloods, "", "0", "0", "0") 
  
# Process: Select Layer By Location (9) 
arcpy.SelectLayerByLocation_management(adm_Wards_2012, "INTERSECT", Annapolis_cityareaflooded__5_, "", "NEW_SELECTION", 
"NOT_INVERT") 
  
# Process: Copy Features (9) 
arcpy.CopyFeatures_management(adm_Wards_2012__3_, Annapolis_VotingWards_Flooded, "", "0", "0", "0") 
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Appendix B. Tables of Socio-Demographic Descriptive Statistics 
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Table B 1. Descriptive statistics for socio-demographics variables of Block Groups in Charleston, SC.  
  

BGs in 
City 

BGs 
V. to 
RTF 

BGs 
Not V. 
to 
RTF 

BGs 
w/ V. 
Road 

BGs 
w/o V. 
Road 

BGs w/ V. 
Low-Elev. 
Road 

BGs w/o 
V. Low-
Elev. Road 

BGs w/ V. 
Route 
Segment 

BGs w/o V. 
Route 
Segment 

BGs 
Served by 
V. Route 

BGs Not 
Served by 
V. Route 

BGs 
w/ V. 
Stop 

BGs 
w/o V. 
Stop 

% Non-
White 

 
                        

Sample 
Size 

132.000 93 39 73 59 61 71 20 112 89 43 1 131 

Minimum 0.000 0 2.828 0.663 0 0.663 0 0.663 0 0 0 76.931 0 
Mean 32.275 28.988 40.113 28.277 37.22 27.332 36.521 36.355 31.546 37.222 22.035 76.931 31.934 
Median 24.669 21.189 35.457 21.189 32.622 18.621 29.093 23.456 24.669 31.083 12.24 76.931 24.24 
Maximum 100.000 100 90.47 100 100 95.72 100 100 98.063 100 100 76.931 100 
Standard 
Deviation 

26.697 25.93 27.196 24.211 28.933 24.194 28.152 33.937 25.307 27.464 21.985   26.509 

First 
Quartile 

10.580 8.935 12.24 10.682 10.302 10.504 10.656 10.593 10.479 13.908 5.157   10.504 

Third 
Quartile 

52.228 43.243 62.866 40.886 60.967 40.871 60.967 65.587 51.531 58.273 35.457   51.91 

Inter-
Quartile 
Range 

41.648 34.308 50.626 30.204 50.665 30.367 50.311 54.994 41.052 44.365 30.3   41.406 
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  BGs in 
City 

BGs V. 
to RTF 

BGs Not 
V. to 
RTF 

BGs w/ 
V. Road 

BGs w/o 
V. Road 

BGs w/ 
V. Low-
Elev. 
Road 

BGs w/o 
V. Low-
Elev. 
Road 

BGs w/ 
V. Route 
Segment 

BGs w/o 
V. Route 
Segment 

BGs 
Served 
by V. 
Route 

BGs Not 
Served 
by V. 
Route 

BGs 
w/ V. 
Stop 

BGs w/o 
V. Stop 

% Take 
Transit To 
Work 

 
                        

Sample 
Size 

132 93 39 73 59 61 71 20 112 89 43 1 131 

Minimum 0 0 0 0 0 0 0 0 0 0 0 3 0 
Mean 2.499 1.757 4.266 1.92 3.215 1.641 3.235 1.882 2.609 3.154 1.142 3 2.492 
Median 0 0 2.286 0 0.513 0 0.334 0 0 1.102 0 3 0 
Maximum 24.194 10.417 24.194 16.667 14.688 10.175 27.194 6.593 24.194 16.667 6.198 3 24.194 
Standard 
Deviation 

4.133 3.218 5.408 3.369 4.852 2.702 4.951 2.633 4.346 4.104 3.896   4.148 

First 
Quartile 

0 0 0 0 0 0 0 0 0 0 0   0 

Third 
Quartile 

3.918 2.02 6.046 2.347 4.9 2.319 4.9 3.198 4.124 5.462 0.445   4.101 

Inter-
Quartile 
Range 

3.918 2.02 6.046 2.347 4.9 2.319 4.9 3.198 4.124 5.462 0.445   4.101 
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  BGs in 
City 

BGs V. 
to RTF 

BGs Not 
V. to 
RTF 

BGs w/ 
V. Road 

BGs w/o 
V. Road 

BGs w/ 
V. Low-
Elev. 
Road 

BGs w/o 
V. Low-
Elev. 
Road 

BGs w/ 
V. 
Route 
Segment 

BGs w/o 
V. 
Route 
Segment 

BGs 
Served 
by V. 
Route 

BGs Not 
Served 
by V. 
Route 

BGs 
w/ V. 
Stop 

BGs w/o 
V. Stop 

Median 
HH 
Income 

 
                        

Sample 
Size 

130 93 37 73 57 61 69 20 110 87 43 1 129 

Minimum 7500 7500 15357 7500 15357 7500 15357 7500 15357 7500 22269 33262 7500 
Mean 59409.74 62095.19 52659.81 60851.82 57562.86 60716.46 58254.52 49861.2 61145.84 50283.2 77875.07 33262 59612.43 
Median 57660.5 60469 42813 60469 49000 61484 50188 48068 58358.5 48977 70542 33262 57727 
Maximum 161250 161250 127581 124400 143750 124400 143750 93182 161250 95284 161250 33262 143750 
Standard 
Deviation 

29010.03 28391.98 29835.64 27301.83 31210.61 24721.94 32471.11 27213.26 29105.68 23134.44 31102.15   29030.57 

First 
Quartile 

35913 41917 29881 42543 31000 46270 31000 32168 40057 31000 57200   37092 

Third 
Quartile 

79792 80769 70221 79643 80769 79643 80769 78025.5 79792 67500 96925   79792 

Inter-
Quartile 
Range 

43879.000 38852 40340 37100 49769 33373 49769 45857.5 39735 36500 39725   42700 
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  BGs in 
City 

BGs V. 
to RTF 

BGs Not 
V. to 
RTF 

BGs w/ 
V. Road 

BGs w/o 
V. Road 

BGs w/ 
V. Low-
Elev. 
Road 

BGs w/o 
V. Low-
Elev. 
Road 

BGs w/ 
V. 
Route 
Segment 

BGs w/o 
V. 
Route 
Segment 

BGs 
Served 
by V. 
Route 

BGs Not 
Served 
by V. 
Route 

BGs 
w/ V. 
Stop 

BGs w/o 
V. Stop 

Per 
Capita 
Income 

 
                        

Sample 
Size 

132 93 39 73 59 61 71 20 112 89 43 1 131 

Minimum 3427 3427 9935 3427 9935 3427 9660 3427 9660 3427 13758 18577 3427 
Mean 33956.03 36206.27 28590.08 35798.86 31675.92 35373.15 32738.51 31897.45 34323.63 29571.22 43031.56 18577 34073.43 
Median 31846.5 34223 23626 35172 26806 35172 27458 33845 30751.5 29243 39763 18577 31918 
Maximum 136350 136350 62374 76726 136350 60883 136350 52449 116834 62374 136350 18577 136350 
Standard 
Deviation 

18107.06 18836.99 15141.4 14839.33 21391.64 13655.66 21224.65 15188.96 18615.87 12832.33 23506.17   18126.07 

First 
Quartile 

22879 25997 16136 26085 20532 26162 20643 17639 23027 21620 26806   22934 

Third 
Quartile 

40873.5 41394 37912 45160 39457 42339 39892 42669 40873.5 37871 47480   41394 

Inter-
Quartile 
Range 

17994.500 15397 21776 19075 18925 16177 19249 25030 17846.5 16251 20674   18460 
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  BGs in 
City 

BGs V. 
to RTF 

BGs 
Not V. 
to RTF 

BGs w/ 
V. Road 

BGs w/o 
V. Road 

BGs w/ 
V. Low-
Elev. 
Road 

BGs w/o 
V. Low-
Elev. 
Road 

BGs w/ 
V. Route 
Segment 

BGs w/o 
V. Route 
Segment 

BGs 
Served 
by V. 
Route 

BGs 
Not 
Served 
by V. 
Route 

BGs 
w/ V. 
Stop 

BGs w/o 
V. Stop 

% with < 
Bachelor's 

 
                        

Sample 
Size 

132 93 39 73 59 61 71 20 112 89 43 1 131 

Minimum 12.971 12.971 20.605 12.971 18.54 12.971 18.54 12.971 15.645 12.971 15.645 79.061 12.971 
Mean 55.942 54.21 60.071 53.237 59.288 52.046 59.29 53.312 56.412 57.601 52.509 79.061 55.765 
Median 56.476 55.169 63.576 53.478 58.229 52.168 58.229 53.315 56.587 55.229 56.491 79.061 56.461 
Maximum 100 92.276 97.963 100 92.473 100 97.963 100 97.963 100 91.098 79.061 100 
Standard 
Deviation 

20.563 19.669 22.275 20.237 20.641 19.757 20.788 27.331 19.227 19.981 21.551   20.541 

First 
Quartile 

41.743 41.82 39.886 40.825 42.452 40.825 41.82 31.115 42.732 44.657 30.717   41.667 

Third 
Quartile 

70.228 68.336 78.443 64.44 73.684 64.303 75.118 77.297 70.043 70.482 69.528   70.071 

Inter-
Quartile 
Range 

28.485 26.516 38.557 23.615 31.232 23.478 33.298 46.182 27.311 25.825 38.811   28.404 
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  BGs in 
City 

BGs V. 
to RTF 

BGs 
Not V. 
to RTF 

BGs w/ 
V. Road 

BGs w/o 
V. Road 

BGs w/ 
V. Low-
Elev. 
Road 

BGs w/o 
V. Low-
Elev. 
Road 

BGs w/ 
V. Route 
Segment 

BGs w/o 
V. Route 
Segment 

BGs 
Served 
by V. 
Route 

BGs 
Not 
Served 
by V. 
Route 

BGs 
w/ V. 
Stop 

BGs w/o 
V. Stop 

% > 65  
 

                        
Sample 
Size 

132 93 39 73 59 61 71 20 112 89 43 1 131 

Minimum 2.204 2.205 2.204 2.205 2.204 2.205 2.204 2.205 2.204 2.204 3.011 6.054 2.204 
Mean 15.432 16.205 13.589 14.785 16.232 14.214 16.478 11.916 16.06 14.457 17.45 6.054 15.503 
Median 13.719 13.809 13.068 13.213 14.773 12.785 14.762 11.267 14.73 13.237 15.763 6.054 13.732 
Maximum 43.581 51.01 43.581 31.506 51.01 31.506 43.581 25.51 51.01 35.359 51.01 6.054 43.581 
Standard 
Deviation 

8.948 8.653 9.476 7.276 10.675 6.74 10.416 5.615 9.3 7.583 11.093   8.944 

First 
Quartile 

8.881 9.983 6.951 9.071 7.334 9.071 8.41 8.248 9.041 8.774 9.071   8.989 

Third 
Quartile 

18.651 20.044 17.018 18.494 19.501 18.285 21.448 14.127 19.348 18.125 23.086   18.808 

Inter-
Quartile 
Range 

9.770 10.061 10.067 9.423 12.167 9.214 13.038 5.879 10.307 9.351 14.015   9.819 
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  BGs in 
City 

BGs V. 
to RTF 

BGs Not 
V. to 
RTF 

BGs w/ 
V. Road 

BGs w/o 
V. Road 

BGs w/ 
V. Low-
Elev. 
Road 

BGs w/o 
V. Low-
Elev. 
Road 

BGs w/ 
V. Route 
Segment 

BGs w/o 
V. Route 
Segment 

BGs 
Served 
by V. 
Route 

BGs Not 
Served 
by V. 
Route 

BGs 
w/ V. 
Stop 

BGs w/o 
V. Stop 

Median 
Age 

 
                        

Sample 
Size 

132 93 39 73 59 61 71 20 112 89 43 1 131 

Minimum 9.4 9.4 20.1 9.4 20.1 9.4 20.1 9.4 20.1 9.4 26.5 30.8 9.4 
Mean 38.178 38.706 36.918 37.056 39.566 35.967 40.077 32.245 39.238 36.312 42.04 30.8 38.234 
Median 37.65 37.8 35.6 36.4 38.6 36.1 39.4 31.65 38.15 35.8 40.2 30.8 37.7 
Maximum 65.4 65.4 58.3 58.3 65.4 55.2 65.4 55.2 60.5 60.5 65.4 30.8 65.4 
Standard 
Deviation 

10.132 9.852 10.797 9.438 10.85 9.344 10.456 10.224 9.787 10.004 9.373   10.15 

First 
Quartile 

30.95 32 29.6 31.3 30.8 30.2 31.1 26.5 31.75 29.9 34.2   31 

Third 
Quartile 

44.25 45.5 43.9 42.9 47.3 42.8 47 37.9 45.9 42.9 48.1   44.3 

Inter-
Quartile 
Range 

13.300 13.5 14.3 11.6 16.5 12.6 15.9 11.4 14.15 13 13.9   13.3 

 
  



 81 

Table B 2. Descriptive statistics for socio-demographics variables of Block Groups in Annapolis, MD. 
  

BGs in 
City 

BGs V. 
to RTF 

BGs Not 
V. to RTF 

BGs w/ V. 
Road 

BGs w/o 
V. Road 

BGs w/ V. Route 
Segment 

BGs w/o V. Route 
Segment 

BGs Served by 
V. Route 

BGs Not Served 
by V. Route 

% Non-White 
 

                
Sample Size 33 19 14 7 26 1 32 9 24 
Minimum 0 0 1.877 1.315 0 8.704 0 0 0 
Mean 28.04 23.858 33.714 24.804 28.911 8.704 28.644 29.233 27.592 
Median 19.556 14.825 35.834 19.556 18.02 8.704 19.966 19.556 18.02 
Maximum 79.187 75.298 78.857 61.943 78.857 8.704 79.187 65.206 79.187 
Standard 
Deviation 

24.765 24.647 24.664 21.532 25.885   24.913 28.541 23.857 

First Quartile 7.953 7.199 7.953 8.704 7.309   7.631 8.704 7.631 
Third Quartile 44.403 38.716 50.273 44.403 49.302   46.852 54.695 43.881 
Inter-Quartile 
Range 

36.45 31.517 42.32 35.699 41.993   39.221 45.991 36.25 

  
 

                
% Take 
Transit To 
Work 

 
                

Sample Size 33 19 14 7 26 1 32 9 24 
Minimum 0 0 0 0.793 0 11.515 0 0 0 
Mean 5.697 5.852 5.486 6.463 5.491 11.515 5.515 4.946 5.978 
Median 4.916 5.198 3.118 6.266 3.522 11.515 4.258 4.916 4.641 
Maximum 16.711 13.122 18.859 9.908 18.859 11.515 16.711 11.515 18.859 
Standard 
Deviation 

5.023 3.938 6.369 3.976 5.32   4.992 3.838 5.448 

First Quartile 1.841 2.658 0 2.407 1.735   1.788 2.717 1.788 
Third Quartile 9.15 9.15 10.029 9.908 9.004   9.077 7.374 9.968 
Inter-Quartile 
Range 

7.309 6.492 10.029 7.501 7.269   7.289 4.657 8.18 
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  BGs in 
City 

BGs V. 
to RTF 

BGs Not 
V. to RTF 

BGs w/ V. 
Road 

BGs w/o 
V. Road 

BGs w/ V. Route 
Segment 

BGs w/o V. Route 
Segment 

BGs Served by 
V. Route 

BGs Not Served 
by V. Route 

Median HH 
Income 

 
                

Sample Size 30 18 12 7 23 1 29 9 21 
Minimum 21339 21339 40486 49125 21339 64756 21339 21339 40486 
Mean 82084.43 84110.78 79044.92 82884.43 81840.96 64756 82681.97 86338.89 80261.1 
Median 79432 84147.5 74549 64756 80114 64756 80114 90417 78750 
Maximum 138650 138650 106522 138650 130615 64756 138650 138650 120724 
Standard 
Deviation 

29405.51 33461.79 23073.64 36556.39 27840.27   29740.07 37572.6 26028.37 

First Quartile 59779 54231 62397.5 51414 61607   59779 64756 59779 
Third Quartile 106167 109961 95139 115848 102823   106167 109961 98750 
Inter-Quartile 
Range 

46388 55730 32741.5 64434 41216   46388 45205 38971 

  
 

                
Per Capita 
Income 

 
                

Sample Size 33 19 14 7 26 1 32 9 24 
Minimum 9127 17295 9127 17295 9127 38346 9127 17295 9127 
Mean 47711.55 53873.95 39348.29 46218.14 48113.62 38346 48004.22 43427.89 49317.92 
Median 39752 55579 35776 38346 40314 38346 40086.5 38346 40314 
Maximum 104962 93459 72732 87252 93459 38346 104962 66776 104962 
Standard 
Deviation 

23544.18 26672.97 15766.83 27691.21 22906.65   23859.84 22408.77 24221.98 

First Quartile 32948 32948 30843 24443 32948   31895.5 30749 32974 
Third Quartile 62523 76537 45980 82770 62523   62794 61825 62794 
Inter-Quartile 
Range 

29575 43589 15137 58327 29575   30898.5 31076 29820 
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  BGs in 
City 

BGs V. 
to RTF 

BGs Not 
V. to RTF 

BGs w/ V. 
Road 

BGs w/o 
V. Road 

BGs w/ V. Route 
Segment 

BGs w/o V. Route 
Segment 

BGs Served by 
V. Route 

BGs Not Served 
by V. Route 

% with < 
Bachelor's 

 
                

Sample Size 33 19 14 7 26 1 32 9 24 
Minimum 9.818 9.818 22.945 17.136 9.818 17.136 9.818 17.136 9.818 
Mean 49.696 45.607 55.245 42.733 51.571 17.136 50.714 47.826 50.397 
Median 46.504 40.244 50.909 32.254 48.114 17.136 48.114 39.085 48.114 
Maximum 93.87 93.87 100 61.51 100 17.136 93.87 93.87 100 
Standard 
Deviation 

23.676 25.402 20.707 25.729 23.268   23.31 27.721 22.599 

First Quartile 32.254 21.716 38.431 19.535 37.715   34.155 24.918 36.886 
Third Quartile 69.309 61.51 71.665 61.51 71.665   70.487 69.309 66.588 
Inter-Quartile 
Range 

37.055 39.794 33.234 41.975 33.95   36.332 44.391 29.702 

  
 

                
% > 65  

 
                

Sample Size 33 19 14 7 26 1 32 9 24 
Minimum 0 0.12 0 0.12 0 12.037 0 0.12 0 
Mean 16.807 19.455 13.213 15.553 17.144 12.037 16.956 18.055 16.339 
Median 16.143 20.768 12.331 14.424 16.65 12.037 16.151 23.024 15.284 
Maximum 33.898 33.898 25.921 33.898 33.77 12.037 33.898 27.687 33.77 
Standard 
Deviation 

9.393 9.275 8.596 11.501 8.979   9.503 10.17 9.27 

First Quartile 11.034 13.561 8.117 6.017 11.034   10.746 12.037 10.746 
Third Quartile 25.446 26.251 17.141 26.233 25.446   25.684 26.233 22.956 
Inter-Quartile 
Range 

14.412 12.69 9.024 20.216 14.412   14.938 14.196 12.21 
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  BGs in 
City 

BGs V. 
to RTF 

BGs Not 
V. to RTF 

BGs w/ V. 
Road 

BGs w/o 
V. Road 

BGs w/ V. Route 
Segment 

BGs w/o V. Route 
Segment 

BGs Served by 
V. Route 

BGs Not Served 
by V. Route 

Median Age 
 

                
Sample Size 33 19 14 7 26 1 32 9 24 
Minimum 16.8 20.9 16.8 20.9 16.8 43.3 16.8 20.9 16.8 
Mean 40.397 43.784 35.8 39.7 40.585 43.3 40.306 40.9 40.208 
Median 40.8 43.3 35 40.6 41.05 43.3 40.7 43.1 40.2 
Maximum 61.2 57.8 53.4 57.8 55.6 43.3 61.2 50 61.2 
Standard 
Deviation 

11.138 10.845 10.15 12.872 10.903   11.304 11.212 11.347 

First Quartile 31.9 39.5 29.8 25.8 31.9   31.35 38.9 31.35 
Third Quartile 49.6 54.1 41.3 50 49.6   49.8 49.6 48.15 
Inter-Quartile 
Range 

17.7 14.6 11.5 24.2 17.7   18.45 10.7 16.8 



 85 

Appendix C. Box Plots of Socio-Demographic Variables 
 
Comparisons of Socio-Demographic Variables Between Charleston and Annapolis Block 
Groups 
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Socio-Demographics in Block Groups Vulnerable vs. Not Vulnerable to RTF Within 
Charleston and Annapolis 
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Socio-Demographics in Block Groups With vs. Without Roads Vulnerable to RTF 
Within Charleston and Annapolis 
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Socio-Demographics in Block Groups With vs. Without Low-Elevation Roads 
Vulnerable to RTF Within Charleston (all roads in Annapolis are Low-Elevation; see 
previous section) 
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Socio-Demographics in Block Groups With vs. Without a Bus Route Segment 
Vulnerable to RTF Within Charleston and Annapolis 
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Socio-Demographics in Block Groups Served vs. Not Served by a Bus Route Vulnerable 
to RTF Within Charleston and Annapolis 
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Socio-Demographics in Block Groups With vs. Without a Bus Stop Vulnerable to RTF 
(Annapolis has no stops vulnerable to RTF) 
 

 
 

 
 

 

 
 

 
 

 
 



 98 

 
 



 99 

Appendix D. Maps of Block Group Socio-Demographics in Charleston 
and Annapolis 
 
 
Note: Darker blue indicates higher social vulnerability 



 100 

% Non-White Population  
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% Take Transit to Work 
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Median Household Income 
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Per Capita Income 
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% with Less Than A Bachelor’s Degree 
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% Over Age 65 
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Median Age 

 

 


