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ABSTRACT 

Urban flooding is becoming more frequent and severe due to the effects of climate change, 

underscoring the urgent need for effective flood risk management. Flood susceptibility maps are tools that 

assess the likelihood and potential impacts of various flood scenarios. They are generally used for flood 

risk management in coastal cities like New Orleans, Louisiana, which face recurring flooding events. 

This thesis presents a comprehensive investigation into the factors that have influenced flood risk in 

New Orleans ï a city with a history marked by catastrophic flooding events. Storms that overpower 

drainage systems and natural basins often lead to urban floods (Hirabayashi et al., 2021), which bring 

significant risks like infrastructure damage, economic setbacks, and loss of life, the latter being the second 

most common cause of weather-related deaths in the United States (Han & Sharif, 2021).  

Furthermore, this research seeks to generate risk maps that show the risk profile of communities (at 

the census tract level) at the overlap of flood risk, social vulnerability index (SVI), and land use and land 

cover (LULC) change between 2005 and 2023. Employing satellite imagery and geospatial analysis, the 

study uses the Modified Normalized Difference Vegetation Index (MNDWI) to indirectly evaluate flood 

risks and the Normalized Difference Vegetation Index (NDVI) to assist in the assessment of land cover 

classification through time.  

Toward these objectives, thematic mapping and geospatial analysis were used to generate a map 

overlay of flood risk, SVI, and LULC in New Orleans. Integrating satellite observations with SVI 

calculations allows for a comprehensive view of flood dynamics and social vulnerability in a major urban 

setting, examining the relationship between natural and built environments and their effects on flood 

risks. The final composite products provided insight into zones where past resilience-building and risk-

reduction efforts have reduced vulnerability and zones requiring intervention. The findings convey how 

integrated data-driven analysis can inform urban infrastructure and policy development, advancing 

discussions on urban resilience and the nuanced understanding of interactions between urban settings and 

flood risks and potentially aiding in the implementation of adaptive strategies to build resilience in New 

Orleans. 
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CHAPTER 1  INTRODUCTION 

1.1 Background 

New Orleans, a south Louisiana port city near the Gulf of Mexico (Figure 1.1) is defined by its 

complex relationship with water. This unique position influences land use, flood risk, and social 

vulnerability within the area. 

 

Figure 1.1 Index Map of the United States. This map highlights the state of Louisiana in pink, 

prominently distinguishing it from its neighboring states. Situated in the southern region of the United 

States, Louisiana is uniquely bordered by the Gulf of Mexico to the south, which is a defining feature of 

its geography. Notably, Louisianaôs distinctive boot-shaped outline is easily recognized.  

The city of New Orleans is coterminous with Orleans Parish and is in the southeastern region of 

Louisiana near the mouth of the Mississippi River Delta (Figure 1.2). The New Orleans region has long 

been recognized as having a severe risk of flooding that demands immediate and ongoing attention 

(Fischbach, 2011). 
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Figure 1.2 New Orleans Water Bodies Map. This map showcases New Orleansô proximity to several 

major bodies of water, including Lake Borgne, Lake Pontchartrain, and the Mississippi River. 

Over centuries, the cityôs development has transformed its landscape due to the construction of levees 

and pumping systems that permanently altered natural flooding patterns. New Orleans' precarious location 

in a low-elevation zone at the confluence of Lake Pontchartrain and the Mississippi River amplifies both 

riverine and coastal flood risks. Figure 1.3, a heatmap highlighting the varying elevation gradient, 

emphasizes its distinctive topography. 
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Figure 1.3 Elevation Map of Orleans Parish, Louisiana. The elevation ranges from -2.26 to 5.96 

meters (-7.41 to 19.56 ft). Lower elevation values are visualized in dark blue and higher values are 

visualized in red (Data Sources: USGS, accessed via ESRI). 

To address these challenges, the U.S. Army Corps of Engineers was granted authorization under the 

Flood Control Act of 1965 to reinforce and enhance existing flood management structures within New 

Orleans (Public Law 89-298, 1965). This legislation was introduced as a response to a hurricane that 

severely affected the city in September of the same year (NOAAôs National Weather Service, n.d.) ï a 

storm dubbed ñBillion Dollar Betsyò due to the extensive damage it caused in the region (The Hurricane 

Watch Net - (Who We Are), n.d.). The Act included a provision that allowed the use of federal funds to 

improve flood control projects. These projects aimed to enhance existing infrastructure and construct 

levees and floodwalls with the goal of reducing the risk in highly flood-prone and densely populated areas 

of the city. 

In New Orleans, flood risk reduction research is primarily funded by the Federal Emergency 

Management Agency (FEMA, Region VI Louisiana Recovery Office, 2018). The City of New Orleans 

Elevation Project is a two-part $10.65 million mitigation effort that intends to lower flood susceptibility 

in high-risk areas of the city (Louisiana: City of New Orleans Structure Elevation Project, 2023). The first 

aspect of this project focuses on elevating existing residential structures that have been subjected to 

repetitive losses. The second aspect plans to address issues caused by subsidence by stabilizing the 

underlying ground surface. 
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Homeownerôs insurance policies in Louisiana do not cover property damage resulting from flood 

events (Flood Insurance, 2024). Due to the frequent threat of flooding, many property owners are required 

to purchase coverage from private insurance companies at their own expense. Despite this, the residents 

of New Orleans have a deep connection to the city that is often intertwined with generations of family 

history, economic opportunities, and cultural ties. 

1.2 Previous Studies  

The shifts in New Orleansô land use and land cover (LULC) patterns, driven by increased 

urbanization combined with its inherent geographical vulnerabilities, have amplified the cityôs 

susceptibility to flood events. This challenge is further escalated by the unequal distribution of socially 

vulnerable communities across the city. As this study delves into these complexities, existing literature 

provides foundational knowledge on urban flood dynamics, land use changes, and social inequality, all of 

which influence risk levels in New Orleans. The intersection of these elements (Figure 1.3) emphasizes 

the need for holistic and equitable urban planning strategies to support the cityôs resilience against future 

flooding events. 

 

Figure 1.4 The Relationship Between Land Use & Land Cover Change, Flooding, and Social 

Vulnerability. This flowchart depicts the intricate factors that connect the three ñbranchesò of this study. 

Their interconnectedness forms the basis of this research, which seeks to investigate how they evolved 

together over time. 
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1.2.1 Land Use and Land Cover Change 

Urban hydrology and flood risks are both directly and indirectly influenced by shifts in land use and 

land cover (LULC) patterns. Idowu and Zhou (2021) pinpointed urbanization as a primary factor of 

changes in altering these patterns, which often leads to a decline in vegetation cover and an increase in 

impervious surfaces. This shift affects the areaôs microclimate, including changes in precipitation trends 

and intensifying the potential for urban flood risks (Huong & Pathirana, 2013). Urban expansion in New 

Orleans has led to a notable reduction in wetlands. Reed et al. (2020) reported that such losses can 

weaken natural buffers against storm surges, amplifying the threat of flooding. 

1.2.2 Flooding in Urban Areas 

Deltaic cities are increasingly grappling with flood risks due to rapid urbanization and corresponding 

changes to LULC patterns. Wdowinski et al. (2016) emphasized that areas subjected to rapid subsidence 

rates are particularly susceptible to flooding from rising sea levels and storm surges. The expansion of 

impermeable surfaces is coupled with a reduction in natural groundwater recharge. This may lead to 

higher amounts of surface water flow, potentially overburdening drainage infrastructure (OôDriscoll et al., 

2010). In the context of New Orleans, Colten (2006) noted that past land use decisions have weakened the 

cityôs natural defenses against flooding, rendering some parts of the city more susceptible. Notably, 

communities with heightened levels of social vulnerability tend to lack the resources to recover from 

flooding events (Hierholzer et al., 2017). Fussell et al. (2014) emphasized that the aftermath of Hurricane 

Katrina exposed stark inequalities across the city of New Orleans, with marginalized communities facing 

disproportionate impacts due to their inherent challenges. 

1.2.3 Social Vulnerability and Flooding 

Numerous studies have highlighted the relationship between flooding and social vulnerability. 

According to Lee et al. (2022), social vulnerability refers to a communityôs potential to experience loss 

from environmental hazards based on socioeconomic and demographic factors. New Orleans and similar 

cities depend on reliable flood defense systems to mitigate the negative impacts of urban floods. 

However, the maintenance of these systems poses considerable challenges. In a report by the American 

Society of Civil Engineers Hurricane Katrina External Review Panel (The New Orleans Hurricane 

Protection System, 2007), environmental factors were not solely responsible for the levee failure in New 

Orleans during Hurricane Katrina; inadequate design and maintenance of flood defense systems also 

played a role. As such, understanding the complexities of flood defense systems is an essential component 

of the discussion of urbanization in flood-prone cities. 
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1.3 Research Scope and Objectives 

This GIS-based approach for the comprehensive analysis of relevant datasets focuses on New 

Orleans, Louisiana. By synthesizing geospatial datasets, remote sensing imagery, and socioeconomic 

data, the research investigates the links between land use patterns, flooding dynamics, and social 

vulnerability. This study aims to support informed policymaking and planning that will lead to more 

equitable and resilient urban developments in New Orleans. 

1.3.1 Objectives 

The studyôs objectives include analyzing the patterns of LULC in New Orleans over time (from 2005 

to 2023) and assessing the impact of these changes on urban sustainability, flood risk, and social equity. It 

seeks to: 

1. Assess the distribution and evolution of LULC classes in New Orleans and evaluate their 

influence on the cityôs flood vulnerability. 

2. Evaluate spatial and temporal variations in flood risk across the city of New Orleans. 

3. Analyze variation in the distribution of social vulnerability across census tracts, focusing on the 

flood-prone zones. 

4. Synthesize the interplay between LULC dynamics, flood risk assessment, and SVI to understand 

the comprehensive risk landscape of New Orleans. 

1.3.2 Hypotheses 

The study is guided by hypotheses linking increased urban and agricultural development to wetland 

loss, the role of urbanization in reducing permeable land cover thereby exacerbating flood risk, and the 

heightened social vulnerability and flooding risk in neighborhoods that are primarily occupied by 

economically disadvantaged and racial/ethnic minority groups: 

1. Rapid urbanization may significantly reduce permeable land cover, leading to increased surface 

runoff accumulation and decreased infiltration in developed areas. 

2. The evolution of flood risk in New Orleans is influenced by a combination of urban development 

patterns, climate change, and the effectiveness of flood defense infrastructure. 

3. In New Orleans, neighborhoods with higher concentrations of economically challenged and 

racial/ethnic minority households may exhibit greater social vulnerability and flooding risks, 

especially in areas with prevalent substandard housing and historical segregation patterns. 

4. In New Orleans, neighborhoods with higher concentrations of economically challenged and 

racial/ethnic minority households may exhibit greater social vulnerability and flooding risks, 

especially in areas with prevalent substandard housing and historical segregation patterns. 
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CHAPTER 2  STUDY AREA 

2.1 Geomorphology in Historical Context 

The study area is encompassed by the outermost extent of Orleans Parish, Louisiana (Figure 2.1). 

 

Figure 2.1 Map of the Study Area. Orleans Parish, which encompasses the city of New Orleans, is in 

the southeastern region of Louisiana, USA. Note. Shapefiles accessed via ESRI Feature Service, U.S. 

Census Bureau: https://tinyurl.com/4f3jj7t9. 

The location of New Orleans subjects it to increased flood risk, given that it sits on the entrance point 

to the Mississippi River delta plain and primarily lies below sea level. Because of its topography, the city 

has developed a distinct urban fabric with commercial zones close to tightly-knit residential areas (Figure 

2.2). 
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Figure 2.2 Building Permit Types in New Orleans (2018). Business and residential zones are 

symbolized by category. Most of these areas are concentrated in the western half of the city and become 

more dispersed towards the eastern side. Note. Accessed via New Orleans GIS: 

https://tinyurl.com/3fvbsrmp. 

Originally founded in 1718 (Independent Levee Investigation Team, 2006, p. 4-1), the expansion of 

New Orleans is linked to its role as a major port for the transportation of goods (Redard, 1985). This 

development was accompanied by many challenges that resulted from the alteration of the surrounding 

landscape. Since the 18th century (Silverman et al., 2012), the construction of levees and other flood 

control infrastructure along the Mississippi River has been especially important for flood management 

purposes. 

The initial objective of flood control infrastructure development in New Orleans was to safeguard the 

city against overtopping from the Mississippi River's banks (Day et al., 2021). Over time, these structures 

were modified to address the dangers posed by hurricanes and storm surges. Despite the positive 

economic impacts, there were unintended consequences, like the blockage of natural river pathways, 

which disrupts sediment deposition patterns (Laska et al., 2005) (Figure 2.3). 
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Figure 2.3 Geomorphology of ñOld Riverò ï This series of figures depicts the development of the 

Atchafalaya River, a distributary of the Mississippi, and the establishment of the Old River Control 

Structure (Figures were modified from United States Army Corps of Engineers, accessed via Wikimedia: 

https://en.m.wikipedia.org/wiki/File:Geomorphology_of_Old_River.jpg, accessed on October 15, 2023). 

Hurricane Katrina in 2005 marked a turning point that revealed the consequences of past land use 

decisions. Though the storm itself brought powerful winds and heavy rains upon landfall, the failure and 

subsequent breach of engineered levees and floodwalls (American Society of Civil Engineers Hurricane 

Katrina External Review Panel, 2007) is what ultimately led to catastrophic levels of flooding that caused 

over $100 billion in property damage (Deryugina et al., 2018). The devastation that followed the storm 

exposed the critical connection between natural hazards, communities, and the land they occupy. 

Disadvantaged populations disproportionately withstood the worst of this disaster (Logan, 2006), further 

placing a spotlight on historical systemic inequalities (Finch et al., 2010). These populations often resided 
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in the lowest-lying areas of the city, and as a result, they were not only faced with the immediate 

consequences of flooding but also faced long-term challenges in terms of reconstruction. 

The U.S. Army Corps of Engineers, New Orleans District Engineering Division (2012) published an 

extensive document that sought to thoroughly reform the design guidelines and standards that led to the 

failure of the levees, pumps, floodwalls, and floodgates during Hurricane Katrina. This project, the 

Hurricane and Storm Damage Risk Reduction System (HSDRRS), was authorized by the U.S. Congress 

to conduct engineering analyses with the goal of repairing the flaws in the pre-Katrina hurricane 

protection system. The result was a plan to strengthen critical elements within the system and to increase 

the height of levees and floodwalls where necessary. 

2.2 Geologic Background 

The geomorphology of New Orleans is characterized by both natural fluvial processes and human 

interventions that have shaped the cityôs susceptibility to flooding. The deltaic plains underlying the city 

consist mostly of Holocene-aged soils deposited by the Mississippi River (Dunbar and Britsch, 2008; 

Rogers et al., 2006). Over time, these sediment accumulations created a network of natural levees (Figure 

2.4) that served as sites for early settlement and early development (THNOC Visitor Services, 2022). 

 

Figure 2.4 Cross-sectional Diagram of a Natural Levee. This figure illustrates the geomorphological 

features associated with natural levee formation. The diagram showcases the levee crest formed by 

sediment deposition during flood events, with the levee backslope leading to adjacent low-lying areas 

(Rogers, 2008, Appendix A). 

Subsidence is a characteristic trait of the geology of New Orleans. While natural soil compaction 

processes have contributed to this phenomenon, rapid urbanization has also greatly intensified the effects 

of subsidence on the areaôs landscape (van Asselen et al., 2024). The subsidence rates in New Orleans, 

particularly in the eastern region, are the highest in south Louisiana (Dixon et al., 2006). The draining of 

wetlands, the extraction of natural resources, and the disruption of sedimentation processes have 

encouraged this sinking process, further compounding the flood risk (Jones et al., 2016). Figure 2.5 

captures these subsidence patterns across New Orleans. 
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Figure 2.5 Satellite-Derived Subsidence Rates in New Orleans (mm/yr). The image shows 

Uninhabited Aerial Vehicle Synthetic Aperture Radar (UAVSAR) imagery-derived insights into 

subsidence rates in the New Orleans area. The color gradients represent different rates of land subsidence, 

with warmer colors marking areas of notable elevation change (Modified from Jones et al. 2016). 

2.3 Climate and Flooding Dynamics 

New Orleans has a subtropical climate known for hot, humid summers and mild winters. As one of 

the rainiest cities in the U.S., New Orleans receives an average of 1,623 mm (64 inches) of annual 

precipitation (Li, 2021). The cityôs geographical location subjects it to moist tropical air from the Gulf of 

Mexico, intensifying the frequency and magnitude of rain events (Shirley, n.d.). Seasonal temperatures 

fluctuate from a cool 7°C (55°F) in January to 33°C (92°F) in July, with the fall months being the driest 

(84 mm/3.3 inches) and the summer months being the wettest (188 mm/7.4 inches) (NOAA, n.d.) (Figure 

2.6). New Orleans experiences just 8.1 days of winter, while hot days that exceed 32°C (90°F) occur 77 

days each year (NOLA Ready Hazard Mitigation Plan, 2020). 
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Figure 2.6 Monthly Climate Averages in New Orleans. This graph illustrates the monthly dynamics 

of weather patterns in New Orleans. Temperatures (°F) and monthly average precipitation (inches) are of 

particular interest, as they indicate a subtropical environment prone to large rainstorms and atmospheric 

pressures that can lead to tropical depressions (NOAA, n.d.). 

The cityôs position along the path of tropical storms and hurricanes from the Gulf of Mexico, the 

intense rainfall, and its topographical vulnerability requires robust strategies to reduce the risk of 

flooding. The sophisticated network of canals, levees, and drainage systems within New Orleans (Figure 

2.7 and Table 2.1) serves as the first line of defense against the cityôs inherent flood risks. These 

structures, part of the Hurricane and Storm Damage Risk Reduction System (HSDRRS), are designed to 

reduce the impact of flooding on the surrounding environment (Sewerage and Water Board of New 

Orleans, 2017). Despite the effectiveness of the HSDRRS structures in reducing impacts, these defenses 

do not eliminate the threat of severe weather events. The proximity of New Orleans to the Gulf of Mexico 

and the high annual precipitation leaves it perpetually at risk of storm surges and large-scale flooding 

events. 
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Figure 2.7 The United States Army Corps of Engineers (USACE) Hurricane Risk Reduction System 

(HSDRRS). The HSDRRS is made up of a series of canals, barriers, levees, floodwalls, and floodgates to 

protect New Orleans and the surrounding areas against storm damage. The fortification of these structures 

was in response to Hurricane Katrina, which revealed major weaknesses in the previously existing flood 

infrastructure. This robust series of defenses aim to prevent future flooding catastrophes in New Orleans 

(Courtesy of the USACE, New Orleans District: https://www.mvn.usace.army.mil/Missions/HSDRRS/, 

accessed on November 12, 2023). 
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Table 2.1 Components of the HSDRRS. Each of the HSDRRS components were expertly designed 

to fortify the cityôs flood defenses from the impacts of storm surges and large precipitation events. The 

structures form a protective ring around New Orleans to mitigate the effects of surface water 

accumulation that is inherent to the low-elevation area. 

COMPONENT PURPOSE LOCATION  

17th St. Outfall Canal 

Permanent Canal Closures 

and Pumps (PCCP) 

Pumps rainwater out of city canal pumps. Lake Pontchartrain 

Bonnabel Pump Station 

Lakefront Levee 

Pumps rainwater out of city canal pumps. East Bank 

Eastern Tie-In Connects the Mississippi River levees with Hero 

Canal Levee. 

West Bank 

Harvey Canal Floodwall Secondary line of defense for the West Closure 

Complex. 

West Bank 

Inner Harbor Navigation 

Canal (IHNC) Surge 

Barrier Wall 

Reduces risk of surge entering the GIWW/IHNC 

corridor from Lake Borgne and the Gulf of 

Mexico. 

Lake Borgne 

New Orleans East I-10 

Crossing 

Elevated embankment highway crossing of 

levee. 

New Orleans East 

Seabrook Floodgate 

Complex 

Reduces storm surge from Lake Pontchartrain. IHNC 

St. Bernard Floodwall Reduces risk of storm surge. Mississippi River 

Gulf Outlet 

West Closure Complex Protects levees, floodwalls, floodgates, and 

pumping stations along the Harvey and Algiers 

Canals from storm surge.  

West Bank 

 

 

2.4 Social Vulnerability 

The consequences of natural hazards are intricately connected to socioeconomic status, education 

level, and housing conditions, among other factors (Figure 2.8). In 1994, Wisner et al. were among the 

first to publish research relating the vulnerability of communities to the harmful impacts of natural 

hazards. Lynn et al. (2012) defined social vulnerability as community resilience in the face of 

environmental disasters, the spread of disease, and economic shifts. In New Orleans, marginalized 

communities that have historically faced economic disadvantage and limited resource access often suffer 

additional impacts from flooding because they tend to reside in high-risk areas or homes with insufficient 

infrastructure. 



 

15 

 

Figure 2.8 The Influence of Socioeconomic Status on Environmental Vulnerability. This flowchart 

demonstrates the effects of socioeconomic factors on resilience to both natural and human-caused 

disasters. It is necessary to consider the inherent struggles faced by disadvantaged communities that 

further compound the effects of hazards and present difficulties for recovery efforts (Adapted from 

Wisner et al., 2003). 
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The severe aftermath of Hurricane Katrina revealed how disadvantaged groups, low-income 

households, and ethnic minorities suffered disproportionately from displacement amidst property loss and 

disrupted social networks. Studying the relationship between land use, flooding, and social vulnerability 

draws attention to the importance of developing sustainable land use policies and the inherent challenges 

that arise from environmental disasters. 
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CHAPTER 3  METHODS 

3.1 Data Acquisition 

The various data types used to investigate the intersection of land use change, flooding, and 

social vulnerability in New Orleans and their respective sources are outlined in Table 3.1. 

Table 3.1 This data summary records a descriptive summary of each data set utilized in this 

analysis. Special care was taken to ensure that the data came from reputable sources that provided 

reliable and consistent results. A variety of data types were utilized for the study, including feature 

class datasets and satellite-derived imagery. 

DATASET 
DATA 

STRUCTURE 
DATA TYPE  DATA SOURCE 

Building Permits (2018) Vector Feature Class City of New Orleans GIS 

Flood Zone Map (2016, 2023) Vector Feature Class  LA State University, ESRI 

Living Atlas 

Google Earth Pro Historical 

Imagery (2004-2023) 

 Imagery Google 

Ground Surface Elevation ï 

30 m (2023) 

Raster Imagery US Geological Survey 

Historic crests (MS River 

station) 

ASCII Text File  National Weather Service 

Landsat 5 ETM+ C2 L2 

(2000, 2010) 

Raster Satellite Imagery US Geological Survey 

Landsat 8-9 OLI/TIRS C2 L2 

(2015, 2020, 2023) 

Raster Satellite Imagery US Geological Survey 

Orleans Parish Boundary Vector Feature Class US Census 

Social Vulnerability Index 

(2000, 2010, 2016, 2020) 

Vector, ASCII Feature Class, 

Spreadsheet 

Centers for Disease Control 

| Agency for Toxic 

Substances & Disease 

Registry 

USA Detailed Water Bodies Vector Feature Class ESRI Living Atlas 

 

3.1.1 Satellite Data 

Several Landsat satellite missions span the years of interest: Landsat 5 (1981-2013), Landsat 7 (1999-

present), Landsat 8 (2013-present), and Landsat 9 (2021-present) (Figure 3.1) (USGS Landsat Missions, 

2024). Though the Landsat 7 mission spans the entire period of study, it was not used for this analysis due 

to a sensor failure that caused gaps in the data where no information is available (USGS Landsat 7 ETM + 

Frequently Asked Questions, 2024). To streamline the remote sensing process, the Landsat 9 mission was 

not considered. 
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Figure 3.1 Landsat Satellite Missions (2005-2025). This figure presents an overview of Landsat 

satellite missions from 2005 to 2025, depicting the operational periods of Landsat 5, 7, 8, and the 

commencement of Landsat 9 (Adapted from the USGS Landsat Missions Timeline: 

https://www.usgs.gov/media/images/landsat-missions-timeline, accessed on September 8, 2023). 

Landsat 5 and Landsat 8 satellite data were obtained through the United States Geological Survey 

(USGS) Earth Explorer portal for each timeframe of study. These 30-meter resolution raster datasets were 

processed on ArcGIS Pro 3.2.2. The datasets contain files for individual bands ï each of which 

corresponds to a specific wavelength of visible or infrared light (Table 3.2). 

Table 3.2 Landsat Wavelengths Summary. Landsat satellites with their associated wavelengths and 

spatial resolutions. It is important to note that changes in sensors between satellites resulted in 

discrepancies in band number designation. Referring to the wavelength will help to ensure accurate 

results (Retrieved from USGS Frequently Asked Questions: https://www.usgs.gov/faqs/what-are-band-

designations-landsat-satellites, accessed on September 8, 2023). 

Landsat 5 Enhanced 

Thematic Mapper Plus (ETM+) C2 L2 
Resolution 

Landsat 8 Operational 

Land Imager (OLI) C2 L2  

Bands Wavelengths (µm)  Bands 
Wavelengths 

(µm) 

Band 1 ï Blue 0.45 ï 0.52 30 Band 1 ï Coastal aerosol 0.43 ï 0.45 

Band 2 ï Green  0.52 ï 0.60 30 Band 2 ï Blue 0.45 ï 0.51 

Band 3 ï Red 0.63 ï 0.69 30 Band 3 ï Green 0.53 ï 0.59 

Band 4 ï NIR 0.76 ï 0.90 30 Band 4 ï Red 0.64 ï 0.67 

Band 5 ï SWIR 1 1.55 ï 1.75 30 Band 5 ï NIR  0.85 ï 0.88 

Band 6 ï Thermal 10.40 ï 12.50 30 Band 6 ï SWIR 1 1.57 ï 1.65 

Band 7 ï SWIR 2 2.08 ï 2.35 30 Band 7 ï SWIR 2 2.11 ï 2.29 

  15 Band 8 ï Panchromatic 0.50 ï 0.68 

  30 Band 9 ï Cirrus 1.36 ï 1.38 

  100 Band 10 ï Thermal infrared 

(TIRS) 1 

10.6 ï 11.19 

  100 Band 11 ï TIRS 2 11.50 ï 12.51 
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This analysis centers on two scenes corresponding to the years 2005 and 2023. Additional analyses 

were conducted for the intermediate time periods (2010, 2015, and 2020) to make a more granular 

observation of the changes that occurred in the study area over time. The Landsat scenes were selected 

based on two parameters: minimal cloud cover (less than 15%) and similar date ranges (the first quarter of 

each study year). Details of the satellite data acquired are summarized in Table 3.3. 

Table 3.3 The Landsat data description provides a brief overview of the exact satellite images 

acquired for the study, ensuring reproducibility. The images were all sourced within a month of each 

other to mitigate the effects of changing seasons on image quality and spectral reflectance. 

YEAR 
ACQUISITION 

DATE 
PATH/ROW  

SPATIAL 

RESOLUTION  
DESCRIPTION 

2005 02/11 

022/039 30 m 

Landsat 5 ETM+ C2 L2 
2010 03/29 

2015 03/27 

Landsat 8 OLI C2 L2 2020 02/21 

2023 02/13 

 

Ground truthing was conducted using historical high-resolution imagery from Google Earth Pro. This 

process has two functions for this analysis: validation of classification accuracy (Casady & Palm, 2002) 

and the creation of training samples for each land cover category. The ñCreate Random Pointsò ArcGIS 

Pro tool (Table 3.4) was used to generate 300 points within the study area, which were then plotted onto 

Google Earth Proôs historical imagery. 
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Table 3.4 Operational parameters for the óCreate Random Pointsô function in ArcGIS Pro, outlining 

the functionôs application. The description and data type of the parameters are provided as per the ArcGIS 

Pro 3.1 Help documentation (ESRI): https://pro.arcgis.com/en/pro-app/latest/tool-reference/data-

management/create-random-points.htm, accessed on November 10, 2023.  

PARAMETER  DESCRIPTION DATA TYPE  

Output Location 
The location in which the random points feature class 

will be created. 

Feature dataset 

Output Point Feature 

Class 

The name of the random points feature class to be 

created 

String 

Constraining 

Feature Class 

(Optional) 

Random points will be generated inside or along the 

features in this feature class. 

Feature layer 

Constraining Extent 

(Optional) 
Random points will be generated inside the extent 

Extent 

Number of Points 

(Optional) 
The number of points to be randomly generated. 

Field 

Minimum Allowed 

Distance (Optional) 

The shortest distance allowed between any two 

randomly placed points. 

Field 

Create Multipoint 

Output (Optional) 

Determines if the output feature class will be a 

multipart or single-part feature. 

Boolean 

Maximum Number 

of Points per 

Multipoint 

(Optional) 

If Create Multipoint Output is checked, specify the 

number of random points to be placed in each 

multipoint geometry. 

Long 

 

3.1.2 Flood Hazard Data 

Flood zone data for the study area is not widely available for the periods of interest due to not having 

publicly available archives. Data for the year 2016 were obtained in shapefile format from the Louisiana 

State University's Agricultural Center (Figure 3.2). Static base flood elevation (STATIC_BFE) refers to 

the projected level that floodwaters are projected to reach during a base flood event (FEMA, 2020). 
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Figure 3.2 FEMA Static Base Flood Elevation Map (2016). This map shows various flood risk zones 

in New Orleans. Color-coded elevations represent floodwater rise projection with yellow zones indicating 

the lowest base flood elevation values in the area (FEMA data for this visualization was accessed via 

ESRI Feature Service: https://tinyurl.com/mpc2yevu, accessed on November 30, 2023). 

Secondary sources such as local news reports, community archives, and National Weather Service 

(NWS) past climate data were also consulted. These records provide necessary context, especially in 

terms of flood magnitude (Figure 3.3). Appendix B chronicles major weather events that occurred in and 

around the New Orleans region between 2005 and 2022. 
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Figure 3.3  Historic Crests at the Mississippi River Gauge Station, New Orleans. A graphical 

representation of the historic crests at the Mississippi River Gauge station, indicating fluctuations over 

time. Crest heights at the action stage, highlighted in yellow, are at or above 17 feet (5.2 meters). Crest 

heights that fall below the action stage (17 feet or 5.2 meters) are shown in green. The red bars represent 

crest heights that are at the moderate flood stage, ranging from 19 feet (5.8 meters) to 20 feet (6.1 meters). 

Data for this visualization has been sourced from the National Weather Service, New Orleans/Baton 

Rouge Weather Forecast Office. 

3.1.3 Social Vulnerability Data 

The Social Vulnerability Index (SVI) produced by the Centers for Disease Control and Prevention 

(CDC) was selected to assess social vulnerability in New Orleans. This index combines socioeconomic 

and demographic data into a comprehensive score that reflects community resilience to environmental 

hazards (Agency for Toxic Substances and Disease Registry, 2022). The analysis utilized SVI datasets 

from the years 2000, 2010, 2016, and 2020 at the census tract level, sourced from the CDCôs Geospatial 

Research, Analysis, and Services Program (GRASP) website: 

https://www.atsdr.cdc.gov/placeandhealth/svi/data_documentation_download.html (accessed on October 

8, 2023). 

The selection of SVI data from the annual American Community Survey (ACS), the U.S. Census, or 

the National Risk Index was strategic. The SVI offers a granular spatial resolution critical for identifying 

vulnerable zones within the urban matrix of the study area ï while the ACS data could not provide this 

level of detail. Furthermore, the infrequent update cycle of U.S. Census data does not align with the 

temporal resolution required for this research. The National Risk Index was deemed redundant since it is 

based on the same variables that make up the SVI. 
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SVI scores are constructed by a percentile ranking system influenced by several variables, such as 

unemployment rates, literacy, housing conditions, and others (Table 3.5). 

Table 3.5 Social Vulnerability Index Factors. A list of variables, sorted by category, that are used to 

determine the Social Vulnerability Index. Note. From the Centers for Disease Control and Preventionôs 

ATSDR. 

O
V

E
R

A
L
L
 V

U
L
N

E
R

A
B

IL
IT

Y
 

THEMES VARIABLES  

Theme 1: Socioeconomic 

Status 

Below 150% Poverty 

Unemployed 

Housing Cost Burden 

No High School Diploma  

No Health Insurance 

Theme 2: Household 

Characteristics 

Aged 65 & Older 

Aged 17 & Younger 

Civilian with a Disability 

Single-Parent Households 

English Language Proficiency 

Theme 3: Racial & Ethnic 

Minority Status 

Hispanic or Latino (of any race) 

Black or African American (not Hispanic or Latino) 

Asian (not Hispanic or Latino) 

American Indian or Alaska Native (not Hispanic or Latino) 

Native Hawaiian or Pacific Islander (not Hispanic or Latino) 

Theme 4: Housing Type & 

Transportation 

Multi -Unit Structures 

Mobile Homes 

Crowding 

No Vehicle 

Group Quarters 

 

 

The CDC/ATSDRôs methodology for the SVI calculations included sequencing each of the variables 

of interest from highest to lowest (other than per capita income). The percentile rank was then calculated 

for each of the four main themes using Equation 3.1: 

ὖὩὶὧὩὲὸὭὰὩ ὙὥὲὯ 
ὙὥὲὯρ

ὔ ρ
 

(3.1) 

Here, óRankô signifies the ordered position of the data points after sorting and óNô represents the total 

number of data points. Employing the percentile rank equation results in a more precise value that reflects 

each pointôs standing among the entire set of points. Values closer to 0 indicate lower levels of social 

vulnerability and values closer to 1 indicate higher levels of social vulnerability (ATSDR, 2022). The 

overall percentile ranking was considered for this analysis along with the percentile ranking of each SVI 

theme: Socioeconomic Status, Household Characteristics, Racial & Ethnic Minority Status, and Housing 
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Type & Transportation. Table 3.6 lists the field names for the percentile ranks of the SVI themes, which 

vary between the datasets. 

Table 3.6 SVI Field Names. This table defines the changes in variable naming conventions between 

datasets, as defined by the CDCôs SVI documentation. 

THEME  2000 2010 
2016 

2020 

Socioeconomic Status LAG1TP R_PL_THEME1 RPL_THEME1 

Household Characteristics LAG2TP R_PL_THEME2 RPL_THEME2 

Racial & Ethnic Minority Status LAG3TP R_PL_THEME3 RPL_THEME3 

Housing type & Transportation LAG4TP R_PL_THEME4 RPL_THEME4 

Overall LATP R_PL_THEMES RPL_THEMES 

 

This study analyzes each themeôs individual score alongside the overall SVI score to examine the 

specific factors that have the strongest influence on vulnerability across different parts of New Orleans. 

The SVI data for each period was processed with GIS software for advanced spatial analysis (Figure 3.4). 

This enables mapping and subsequent change detection of the SVI throughout the city while highlighting 

areas of heightened vulnerability. To ensure data accuracy and reliability, the SVI data was cross-

referenced with the ACS data where possible. No inconsistencies have been identified at the time of this 

study. 
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Figure 3.4 Relative SVI Across Census Tracts (2000 & 2020). This series of maps provides 

preliminary insights into the evolution of SVI across New Orleans in (a) 2000 and (b) 2020. 
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3.2 Data Preparation 

3.2.1 Satellite Data 

Preliminary visual observations were made using a variety of band combinations (Figure 3.5) that 

emphasize specific features in the satellite image based on color (USGS Landsat Missions, 2021). 

 

Figure 3.5 Common Landsat Band Combinations. This series of band combinations are often used to 

create additional contrast in satellite imagery that can help enhance specific features. Common band 

combinations are listed for both Landsat 8 and Landsat 5 satellites, demonstrated on a satellite image of 

New Orleans, LA (2023). 

Enhancing the image contrast involved calculating two spectral indices ï the Normalized Difference 

Vegetation Index (NDVI) and the Modified Normalized Difference Water Index (MNDWI) ï in 

preparation for image classification. This approach was particularly effective in differentiating between 

vegetated and wetland areas, where traditional band combinations fell short. 

The NDVI (Equation 3.2) contrasts vegetated and non-vegetated areas, while the MNDWI (Equation 

3.3) highlights moisture, which helps to differentiate between wetlands and terrestrial vegetation (Szabo 

et al., 2016). 

ὔὈὠὍ 
ὔὍὙὙὩὨ

ὔὍὙὙὩὨ
 

(3.2) 

ὓὔὈὡὍ 
ὋὶὩὩὲὛὡὍὙρ

ὋὶὩὩὲὛὡὍὙρ
 

(3.3) 

In the NDVI equation, óNIRô refers to the near-infrared spectral band. This category spans a 

wavelength range of 0.76 to 0.90 µm for Landsat 5 and 0.85 to 0.88 µm for Landsat 8. óRedô signifies the 

visible red band, with wavelengths ranging from 0.63 to 0.69 µm for Landsat 5 and 0.64 to 0.67 µm for 
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Landsat 8. The MNDWI equation also applies two bands: the shortwave infrared (óSWIRô) 1 band and the 

óGreenô band. The óSWIR1ô band includes wavelengths from 1.55 to 1.75 µm for Landsat 5 and 1.57 to 

1.65 µm for Landsat 8. Both equations were applied using the ArcGIS Pro image analyst tool ï ñRaster 

Calculatorò (Raster Calculator (Spatial Analyst)ðArcGIS Pro | Documentation: 

https://pro.arcgis.com/en/pro-app/latest/tool-reference/spatial-analyst/raster-calculator.htm). 

The calculated indices were stacked into a single multiband raster alongside a few of the bands that 

would best enhance the spectral signatures of the land cover types under study. The choice to exclude 

certain bands was driven by a need to strike a balance between improving accuracy and reducing 

computational complexity. The order of the selected bands and indices in the stack was determined by the 

priority given to different features: 

1. NDVI: Contrasts vegetated and non-vegetated areas. 

2. MNDWI: Highlights moisture content. 

3. MIR: Refines the contrast between water saturated vegetation, dry vegetation, and water. 

4. NIR: Increases precision of differences between vegetated and non-vegetated areas. 

5. Visible Blue: Enhances the contrast of water features. 

The pre-processing steps taken to prepare the Landsat scenes for analysis are summarized in Figure 

3.6 below. 

 

Figure 3.6 Satellite Data Pre-Processing Summary. This figure shows the initial steps in preparing 

satellite data for subsequent analysis. Incorporating the selected bands and indices into a single raster 

promotes computational efficiency, while clipping the raster down to the size of the study area allows for 

a more comprehensive overview of subtle changes that may not be detected in the un-cropped image. 

3.2.1.1 Flood Extent Data 

Past flood events were cataloged though a review of historical archives, records from the National 

Weather Service (NWS), and news reports. Initial observations of precipitation data identified trends that 

could influence flooding patterns (Sayemuzzaman & Jha, 2014) (Figure 3.7). This historical analysis 

provided context for noteworthy floods, enabling an assessment of their frequency and magnitude over 

time. 
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Figure 3.7 Average Monthly Precipitation in New Orleans (2005-2023). This series of line graphs 

illustrates the average monthly precipitation levels (inches) in New Orleans at the studied time intervals. 

The data shows variability in rainfall patterns, highlighting seasonal fluctuations and long-term shifts 

(Data for this visualization was sourced from NWS New Orleans/Baton Rouge Weather Forecast Office ï 

NOWData: https://www.weather.gov/wrh/Climate?wfo=lix, accessed on December 5, 2023). 

The FEMA flood shapefiles were converted to raster format in ArcGIS Pro for comparison with the 

MNDWI data. Values for static base flood elevation were categorized by their hazard level using the 

Jenks Natural Breaks method of classification (Table 3.7) (Data Classification MethodsðArcGIS Pro | 

Documentation: https://pro.arcgis.com/en/pro-app/latest/help/mapping/layer-properties/data-

classification-methods.htm, accessed on March 17, 2023.). 
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Table 3.7 This table classifies the FEMA-designated static base flood elevation levels in feet, 

delineating the flood risk across New Orleans into five distinct categories based on elevation. 

STATIC BFE  CATEGORY  RISK LEVEL  

Ò -3 1 Negligible  

-3 to 2 2 Minor 

2 to 7 3 Significant 

7 to 16 4 Major 

16 to 24 5 Severe 

 

The lack of direct flood extent maps prompted the use of the MNDWI to discern between saturated 

and drier zones. This indirect method of mapping takes advantage of the reflective properties of water to 

better distinguish areas by their moisture content, categorizing these areas by hazard level (Table 3.8). 

Table 3.8 The MNDWI-derived risk level classification categorizes areas by flooding risk based on 

MNDWI-derived measurements. Category 1 represents the least amount of risk with negative MNDWI 

values, indicating minimal water presence while Category 5 is assigned to areas with the highest risk. 

CATEGORY  RISK LEVEL  DESCRIPTION 

1 Negligible  Areas with the driest ground surfaces, indicating minimal flood risk 

due to lack of surface moisture.  

2 Minor Regions with moderately dry surfaces, showing some resistance to 

moisture accumulation but still susceptible under certain 

conditions. 

3 Significant Zones with noticeable moisture presence, signaling potential flood 

risks that should be monitored regularly. 

4 Major Fully saturated grounds located more than 100 meters away from 

any water body or above sea level, prone to significant water 

accumulation, posing a high flood risk during heavy rainfall or 

similar events. 

 5 Severe Critically saturated areas within close proximity (100 meters or 

less) to a water body and situated below sea level, representing the 

highest flood risk due to their geography and extreme moisture 

levels. 

 

3.2.2 Social Vulnerability Data 

3.2.2.1 Preparation of Social Vulnerability Data for Spatial Analysis 

Exploring the SVI data reveals several cells in each data set assigned a value of -999. Since this is the 

result of census tracts with either an unknown population or a population of zero (SVI 2020 

Documentation, 2022), the values were not considered in the analysis. To prepare the SVI data for spatial 

analysis, it was necessary to normalize the values to make direct comparisons between study years using 

the minimum-maximum normalization equation (Equation 3.2) (Singh & Singh 2020). This results in SVI 

values for each study year scaled between 0 and 1. 



 

30 

ὕὶὭὫὭὲὥὰ ὠὥὰόὩὓὭὲὭάόά ὠὥὰόὩ

ὓὥὼὭάόά ὠὥὰόὩὓὭὲὭάόά ὠὥὰόὩ
 

(3.2) 

This study employed an Equal Intervals categorization method to categorize the continuous percentile 

rankings into discrete vulnerability classes (Data Classification MethodsðArcGIS Pro | Documentation: 

https://pro.arcgis.com/en/pro-app/latest/help/mapping/layer-properties/data-classification-methods.htm, 

accessed on March 17, 2023.). While Jenks Natural Breaks might offer a nuanced reflection of data 

distribution for individual years, the Equal Intervals method provides a standardized approach that is 

essential for comparative analysis. SVI values were classified into óNegligibleô, óMinorô, óSignificantô, 

óMajorô, and óSevereô vulnerability categories using the percentile rank of each theme at the census tract 

level (Table 3.9). 

Table 3.9 SVI-derived risk level classifications according to their corresponding SVI values. 

Category 1 represents the least amount of social vulnerability with SVI values closer to 0 while Category 

5 is assigned to areas with the highest level of social vulnerability. 

SVI RANGE CATEGORY  RISK LEVEL  

0 ï 0.2  1 Negligible  

0.2 ï 0.4  2 Minor 

0.4 ï 0.6 3 Significant 

0.6 ï 0.8 4 Major 

0.8 ï 1 5 Severe 

 

To incorporate zonal statistics, the classified census tract polygons were converted into raster format 

employing the ñPolygon to Rasterò ArcGIS Pro tool, using mean percentile ranks of each theme as the 

key attribute. The ñZonal Statistics as Tableò tool was then applied to examine how SVI scores varied 

across the study area, enabling a focused analysis of the spatial distribution of vulnerability. 

3.2.2.2 Preparation of Social Vulnerability Data for Temporal Analysis 

Testing the normality of the SVI data is an essential preliminary step for quantitative assessment. The 

normality of the SVI data was analyzed using the Lilliefors test, a modification of the Kolmogorov-

Smirnov test that caters to both the mean and variance of the sample data being unknown (Novack-

Gottshall & Wang, 2019).  

Since the data does not follow a normal distribution, a non-parametric test is needed to identify 

statistically significant changes in social vulnerability that may correspond with observed shifts in land 

cover or flood potential. In that case, the Kruskal-Wallis test will be employed (Weaver, et al., 2017). 

These multi-temporal observations are invaluable for understanding the connection between SVI and land 

use changes, synthesizing these factors into a final risk map. 
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SVI mean percentile rank datasets for the four themes (Socioeconomic Status, Household 

characteristics, Race & Ethnic Minority, and Housing & Transportation) and the overall percentile rank 

for each study year were prepared in MATLAB. Each data year was defined as ógroup1ô (2000) through 

ógroup4ô (2020). To prepare the groups for the Lilliefors test (Lilliefors Test - MATLAB Lillietest: 

https://www.mathworks.com/help/stats/lillietest.html, accessed on March 4, 2024), the data were 

converted from table columns into vectors with the ótable2array ô function (Convert Table to 

Homogeneous Array - MATLAB Table2array: 

https://www.mathworks.com/help/matlab/ref/table2array.html, accessed on March 4, 2024)(Appendix C). 

3.3 Geospatial Analyses 

Identifying communities at the intersection of LULC changes, shifts in flooding risks, and differences 

in SVI over time is a geospatial problem. The three factors (i.e., LULC, flooding, and SVI) prepared in 

this study were first analyzed individually and risk maps were produced for each factor at each time 

frame. These risk maps were then synthesized into overall risk maps for communities at the census tract 

level. As demonstrated in the literature, there are many methods to combine multiple factors in solving 

geospatial problems, such as flooding risk and landslide hazard assessments (e.g., Blais-Stevens & 

Behnia, 2016; Wu et al. 2019; Wu et al. 2020; Santi et al., 2021; Zhou, 2021; Zhou et al., 2021; 

Southerland & Zhou, 2021; Dorcas & Zhou, 2021a, 2021b, 2023). This study employs an equal-weight 

overlay approach to synthesize the three factors. The range of analytical methods and software packages 

used to evaluate the characteristics of the data are summarized in Table 3.10. 

Table 3.10 Software Packages Utilized. This table provides a brief summary of software packages 

used in the analyses. 

SOFTWARE 

PACKAGE  
PURPOSE VERSION USED 

ArcGIS Pro Geographic Information System analysis 3.2.2 

MATLAB  Numerical computing Online 

Microsoft Excel Data organization and statistical analysis Office 365 

 

3.3.1 LULC Change Analysis 

Shifts in LULC were analyzed using remote sensing techniques to track the changes between 2005 

and 2023. The focus is on using machine learning to classify pixels of an image into distinct land cover 

types. (Table 3.11). 
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Table 3.11 Land Cover Class Descriptions for selected land cover classes utilized in this study are 

based on the National Land Cover Database (NLCD) categories. Class descriptions directly follow the 

NLCDôs standard definitions (Obtained from Multi-Resolution Land Characteristics Consortium website: 

https://www.mrlc.gov/data/legends/national-land-cover-database-class-legend-and-description; accessed 

on January 25, 2024). 

FIELD  CLASS NAME DESCRIPTION 

0 Open water 
Areas of open water, generally with less than 25% cover of 

vegetation or soil. 

1 Vegetation 

Areas that periodically experience water saturation in the soil or 

substrate are characterized by either forest or shrubland 

vegetation comprising more than 20% of the vegetative cover, 

or by perennial herbaceous vegetation making up more than 

80% of the vegetative cover. 

2 Developed 
Open space and areas ranging in impervious cover from low to 

high intensity. 

3 Wetlands 

Emergent herbaceous wetlands, woody wetlands, pasture/hay, 

barren land, grassland/herbaceous, mixed forest, evergreen 

forest, deciduous forest, shrub/scrub, cultivated crops. 

 

Supervised classification allows the user to employ training data to represent each land cover type. 

Phiri and Morgenroth (2017) defined data training as ñthe process of selecting a sample of pixels from the 

image and using it to establish thresholds to delineate specific land covers on the ground.ò The Random 

Trees algorithm was chosen for its ability to process complex datasets, as is the case in a study area with 

several land cover classes (Rodriguez-Galiano et al., 2012). Settings for the Random Trees supervised 

classification are summarized in Table 3.12. Similarly to the selection of bands for the composite raster, 

selecting the parameters for the Random Trees algorithm was an iterative process that sought to leverage 

accuracy and processing time. 

Table 3.12 Parameters for the Random Trees classification algorithm as implemented in ArcGIS Pro. 

The configuration ensures robust pattern recognition within land cover classes by employing a substantial 

number of decision trees and depth, coupled with a sufficient sample size for the class definition. The 

description of each parameter is provided as per the ArcGIS Pro 3.1 Help documentation (ESRI): 

https://pro.arcgis.com/en/pro-app/3.1/tool-reference/spatial-analyst/train-random-trees-classifier.htm, 

accessed on January 25, 2024). 

PARAMETER  DESCRIPTION INPUT 

Number of Trees 
The maximum number of decision trees in the 

forest.  

50 

Maximum Tree 

Depth 

The maximum number of rules each tree is 

allowed to create to come to a decision. 

30 

Maximum Number 

of Samples per 

Class 

The maximum number of samples that will be 

used to define each class. 

1000 
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Each class was proportionally represented in the training data, with each one accounting for 

approximately 25% of the pixels within the training sample polygons. This was done to avoid biasing the 

classifier towards a particular class. The distribution of the training samples in the image were compared 

by evaluating their scatterplots to ensure that there was no overlap between the classes (Keranen & 

Kolvoord, 2014). 

The accuracy of the land cover classification was evaluated using an error matrix approach. This 

matrix compares the predicted classifications against the reference (ground truth) data (Stehman, 1997). 

This technique calculates accuracy metrics, such as the overall accuracy, userôs accuracy, and producerôs 

accuracy. The creation and analysis of the error matrix will be detailed in the results section. 

Post-processing steps were undertaken after the classification and validation processes to refine the 

LULC maps for each year of study. A majority filter was applied as a primary method for reducing the 

ñsalt and pepperò noise inherent in the initial classification outputs. This method was chosen for its 

effectiveness in improving spatial coherence without compromising the overall accuracy of the output. 

The dynamic nature of LULC within the study area required a comprehensive change analysis, 

comparing classifications from 2005 to 2023. This comparison was facilitated through a pixel-by-pixel 

analysis designed to identify not only the areas that experienced change, but also the nature of these 

transitions between the land cover classes. Understanding these changes provides insights into the 

interaction between human activities and the natural environment. Each identified change was categorized 

according to its type (e.g., vegetation to developed), enabling a quantified analysis of the extent to which 

each land cover class has transformed over the study period. 

The classified LULC layers underwent a reclassification process aimed at assigning a level of risk to 

each land cover class (Table 3.13). This process was based on an understanding of the vulnerability of 

each class to flooding hazards. For instance, developed areas that are characterized by their impermeable 

surfaces were deemed higher risk due to their susceptibility to water accumulation from runoff and 

flooding. This nuanced approach to risk categorization transformed the LULC data into a strategic tool for 

identifying areas of heightened risk within New Orleans. 
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Table 3.13 The LULC-derived flood risk classification table outlines the risk classification of land 

cover classes. Values closer to Category 1 are associated with very low risk while those closer to 

Category 5 are much more vulnerable. The land cover classes were categorized according to their ability 

to absorb runoff, mitigating the risk of flooding. 

CATEGORY  RISK LEVEL  LULC CLASS  DESCRIPTION 

1 Negligible  Open water Areas that absorb and mitigate flood effects. 

2 
Minor Wetlands Areas that serve as natural buffers against 

flooding. 

3 Significant Vegetation Areas that can absorb some amount of water. 

4 
Major Developed A Urban areas that are more than 100 meters from a 

water body or above sea level. 

5 
Severe Developed B Urban areas that are within 100 meters of a water 

body and are below sea level. 

 

Following a raster-to-point conversion of the classified LULC layers, a targeted spatial analysis was 

employed to discern between the developed areas that are in the óMajorô risk category and the ones that 

are in the óSevereô category. This involved a two-step process: first, selecting areas near water bodies and 

second, selecting areas that are also situated below sea level. 

The óBufferô tool in ArcGIS Pro (Buffer (Analysis)ðArcGIS Pro | Documentation: 

https://pro.arcgis.com/en/pro-app/3.1/tool-reference/analysis/buffer.htm, accessed on March 6, 2024) was 

used to create a 100-meter perimeter around all identified water bodies within the LULC classification. 

The distance was chosen in consideration of the extensive levee systems in place and historical flooding 

patterns in the region. Parameters for the óBufferô tool are recorded in Table 3.14. 

Table 3.14 Parameters for the óBufferô tool as implemented in ArcGIS Pro. The description of each 

parameter is provided as per the ArcGIS Pro 3.1 Help documentation (ESRI): 

https://pro.arcgis.com/en/pro-app/3.1/tool-reference/analysis/buffer.htm, accessed on March 6, 2024. 

PARAMETER  DESCRIPTION INPUT 

Distance 
The distance around the input features that will be 

buffered. 

100 meters 

Dissolve Type 

(Optional) 

Specifies the type of dissolve that will be 

performed to remove buffer overlap. 

All  

Method (Optional) 
Specifies whether the planar or geodesic method 

will be used to create the buffers. 

Planar 

 

The buffer was then intersected with developed areas that are below sea level to flag the zones of 

óSevereô flood risk. Developed areas outside of those flags were at the óMajorô risk level. This risk 

assessment was spatially joined to the census tract boundary polygons using the óMedianô method, which 

captured the risk category midpoint in each census tract. The result of this spatial join illustrates the 

changes in land use in terms of risk over the studied period. 
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Synthesizing the reclassified LULC risk layers with additional hazard data layers was achieved 

through overlay analysis, resulting in a comprehensive risk map that highlights vulnerable areas. This 

map can inform the development of targeted hazard mitigation strategies, urban planning, and disaster 

resilience across the study area. 

3.3.2 Flooding Patterns Change Analysis 

This analysis aimed to comprehensively assess the evolution of flood risk in New Orleans through the 

evaluation of spatiotemporal patterns in flooding. The approach integrates satellite imagery and 

hydrological interpretation to reveal the cityôs historical and current flood exposures, providing deep 

insights into the cityôs vulnerability to flooding. 

Satellite-derived MNDWI data for each time interval was crucial in identifying historical flood 

extents by showcasing variations in moisture and vegetative state over time. This indirect method 

compensates for gaps in the flood records where the data is sparse, offering a dynamic view of the flood 

landscapeôs evolution.  

The Jenks Natural Breaks method was used to assess flood risk within the urban environment of New 

Orleans. This classification process is particularly adept at identifying the inherent clustering within the 

dataset to classify the areas based on moisture content into distinct categories. The Jenks classification 

resulted in six initial categories, the first three of which were assigned predefined risk levels: óNegligibleô, 

óMinorô, and óSignificantô (Appendix D). These initial categories were essential for understanding the 

gradation of flood risk based on moisture variation as indicated by the MNDWI. 

The identification of óSevereô flood risk zones, designated as Category 5, was achieved by further 

spatial analysis. Specifically, the study analyzed the intersection of the three highest MNDWI categories 

with spatial data layers delineating areas proximate to water bodies and below sea level. This method 

ensured the isolation of regions at the most critical risk (Category 5). Remaining areas falling into the 

uppermost MNDWI categories that did not qualify as óSevereô were classified as óMajorô risk zones, 

identified as Category 4. This classification captured areas with high moisture content that, while not at 

the utmost risk, still warranted attention due to their elevated flood potential.  

The culmination of this GIS analysis was the integration of the classified MNDWI data with the 

óSevereô risk layer to construct comprehensive flood risk maps. These maps distinctly categorized each 

area by its flood risk level, providing a clear, data-driven foundation for further analysis and strategic 

planning in flood risk management and mitigation efforts. The MNDWI maps, covering the years 2005 to 

2023 (Figure 3.8), provide visual representations of moisture distribution and highlight potential flood-

prone areas, with darker hues indicating higher moisture content ï suggesting greater floodwater 

accumulation potential ï and lighter hues indicating lower risk, 
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Figure 3.8 MNDWI-Derived Flood Extent Maps (2005-2023). This series of maps provides a visual 

representation of the MNDWI flood extents across New Orleans, displaying the varying extents of 

moisture distribution and potential flood-prone areas. The legend indicates a progression of moisture 

levels, where the darker hues represent higher moisture content ï suggesting a greater potential for 

floodwater accumulation. Lighter hues represent lower moisture content and correspondingly, lower flood 

risk. Each map highlights the evolving nature of the cityôs flood landscape, offering important insights 

into the dynamics of water accumulation and their potential impacts on urban and natural environments. 

The FEMA flood zone extent raster for the year 2016 provides a reference framework against which 

the high-resolution satellite data can be contextualized. The FEMA dataset was used to validate the flood 
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extents derived from the MNDWI imagery, effectively ground-truthing the remote sensing analysis. This 

was carried out using the óIntersectô and óSymmetrical Differenceô ArcGIS Pro functions (Table 3.15). 

Table 3.15 Summary of óIntersectô and óSymmetrical Differenceô analyses comparing MNDWI-

derived flood extents with FEMA flood zones for 2016, highlighting areas of agreement and discrepancy. 

Parameters and descriptions from ArcGIS Pro 3.1 Help documentation (ESRI): 

https://pro.arcgis.com/en/pro-app/3.1/tool-reference/analysis/intersect.htm & 

https://pro.arcgis.com/en/pro-app/3.1/tool-reference/analysis/symmetrical-difference.htm, accessed on 

March 25, 2024. 

PARAMETER  DESCRIPTION 

Intersect 

Input Features A list of the input feature classes or layers. The highest rank is 1.  

Output Feature 

Class 

The output feature class. 

Attributes to Join 

(Optional) 

Specifies the attributes from the input features that will be 

transferred to the output feature class. 

Intersect 

XY Tolerance 

(Optional) 

The minimum distance separating all feature coordinates as well as 

the distance a coordinate can move in X or Y. 

Output Type 

(Optional) 

Specifies the type of intersections that will be returned. 

Symmetrical Difference 

Input Features The input feature class or layer. 

Update Features 
The update feature class or layer. The geometry type must be the 

same as that of the input feature class or layer. 

Output Feature 

Class 

The feature class to which the results will be written. 

Attributes to Join 

(Optional) 

Specifies the attributes that will be transferred to the output feature 

class. 

XY Tolerance 

(Optional) 

The minimum distance separating all feature coordinates as well as 

the distance a coordinate can move in X or Y. 

 

The óIntersectô tool identified areas where both datasets agree on flood extents, while óSymmetrical 

Differenceô highlights flood extents captured only by the MNDWI or only by FEMA. Where the MNDWI 

shows flooding outside of the FEMA flood zones, it could indicate changes in the landscape or water flow 

that are not captured in FEMAôs data. Areas where discrepancies occur may be accounted for due to 

changes in land cover. 

The analysis was further enhanced through a risk categorization based on the MNDWI data, using the 

óReclassifyô tool to assign risk levels to each raster pixel. This classification process emphasizes the 

spatial distribution of flood risk throughout New Orleans, with the flood risk profile of each census tract 

corresponding to risk levels for changes in LULC and SVI. This laid the groundwork for linking physical 

flood patterns with changes in LULC and SVI throughout the time intervals of study. 
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Given the objective of assessing flood risk in populated areas, the analysis focused on census tracts. 

Each census tract was assigned a flood risk level based on the predominant risk level of the MNDWI 

values that fell within its boundaries. This was accomplished through a spatial join process, where the 

óMedianô statistical method was employed. This method assigned the midpoint MNDWI risk level to each 

census tract polygon, ensuring that the assigned risk level accurately reflected the flood risk within the 

tractôs geographical area. 

3.3.3 SVI Change Analysis 

3.3.3.1 Spatial Analysis of SVI  

Moranôs I statistic was applied to discern the presence and nature of spatial autocorrelation within the 

SVI datasets. This global statistic measures spatial autocorrelation based on both feature locations and 

feature values simultaneously (Stojanova et al., 2011). The analysis determines whether the SVI data is 

randomly distributed, clustered, or dispersed across the study area. 

Global Moranôs I provided a single summary measure of spatial autocorrelation, giving an overview 

of the pattern expressed by SVI data. A positive value indicates a clustered pattern where high or low 

values of SVI are found near each other more than would be expected if underlying spatial processes were 

random (Spatial Autocorrelation (Global Moranôs I) (Spatial Statistics)ðArcGIS Pro | Documentation: 

https://pro.arcgis.com/en/pro-app/latest/tool-reference/spatial-statistics/spatial-autocorrelation.htm). 

Conversely, a negative Moranôs I value suggests a dispersed pattern, where high values are likely to be 

found near low values (Figure 3.9). 

 

Figure 3.9 Spatial Autocorrelation Using Moranôs I Index. This illustration shows the spectrum from 

dispersed data patterns to clustered ones. This illustration exemplifies the varying degrees of spatial 

distribution that the tool can identify. Illustration from ArcGIS Pro 3.1 Help, ESRI: 

https://pro.arcgis.com/en/pro-app/latest/tool-reference/spatial-statistics/spatial-autocorrelation.htm, 

accessed on March 14, 2024. 

In addition, Local Moranôs I statistics identified localized spatial clusters and outliers (Figure 3.10). 

This measure pinpoints the exact locations where hot spots or cold spots are statistically significant 

(Cluster and Outlier Analysis (Anselin Local Moranôs I) (Spatial Statistics)ðArcGIS Pro | 

Documentation: https://pro.arcgis.com/en/pro-app/latest/tool-reference/spatial-statistics/cluster-and-



 

39 

outlier-analysis-anselin-local-moran-s.htm). This localized assessment is crucial for identifying specific 

areas that may require targeted attention. 

 

Figure 3.10 Cluster and Outlier Analysis.  This graphic demonstrates the sequence from input data 

through the Cluster and Outlier Analysis (Anselin Local Moranôs I) process. This progression visually 

indicates areas of similar values (clusters) and areas of dissimilar values (outliers) within the spatial 

context. Illustration from ArcGIS Pro Help 3.1, ESRI: https://pro.arcgis.com/en/pro-app/3.1/tool-

reference/spatial-statistics/cluster-and-outlier-analysis-anselin-local-moran-s.htm, accessed on March 3, 

2024. 

The results of the Global and Local Moranôs I statistics provide insight into the spatial patterns that 

may exist within the SVI data and highlight areas where social vulnerability is not distributed randomly. 

Understanding these patterns allows for a deeper interpretation of the SVI across the spatial extent of the 

study area, potentially revealing the influences of underlying social, economic, or environmental factors. 

To visually identify statistically significant spatial clusters of high and low SVI values, a Hot Spot 

Analysis (Getis-Ord-Gi*) was conducted in ArcGIS Pro. This technique identified the clustering of high 

values (hot spots) and low values (cold spots), effectively highlighting areas of pronounced vulnerability 

and resilience. (Figure 3.11) (Hot Spot Analysis (Getis-Ord GI*) (Spatial Statistics)ðArCGIS Pro | 

Documentation: https://pro.arcgis.com/en/pro-app/latest/tool-reference/spatial-statistics/hot-spot-

analysis.htm).  

 

Figure 3.11 Hot Spot Analysis (Getis-Ord-Gi*). Illustration of the Hot Spot Analysis (Getis-Ord-Gi*) 

in action, demonstrating the transition from raw input data to the statistical significance maps indicating 

hot spots and cold spots. The maps display Z-scores and P-values to signify the strength and significance 

of spatial clustering within the study area. Illustration from ArcGIS Pro 3.1 Help, ESRI: 

https://pro.arcgis.com/en/pro-app/latest/tool-reference/spatial-statistics/hot-spot-analysis.htm, accessed on 

March 3, 2024. 

The parameters of the Hot Spot Analysis (Getis-Ord-Gi*) are summarized in Table 3.16. 
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Table 3.16 Parameters table of the Hot Spot Analysis (Getis-Ord-Gi*) tool summarizes the 

parameters, their data types, and their corresponding descriptions. Modified from the ArcGIS Pro 3.1 

Help documentation (ESRI): https://pro.arcgis.com/en/pro-app/latest/tool-reference/spatial-statistics/hot-

spot-analysis.htm, accessed on March 3, 2024. 

PARAMETER  DESCRIPTION DATA TYPE  

Input Feature Class 
The feature class for which hot spot analysis will be 

performed. 

Feature layer 

Input Field The numeric field to be evaluated. Field 

Output Feature 

Class 

The output feature class to receive the z-score and p-

value results. 

Feature class 

Conceptualization of 

Spatial 

Relationships 

Specifies how spatial relationships among features 

will be defined. 

String 

Distance Method 
Specifies how distances will be calculated from each 

feature to neighboring features. 

String 

Distance Band or 

Threshold Distance 

(Optional) 

Specifies a cutoff distance for the inverse distance 

and fixed distance options. 

Double 

Self-Potential Field 

(Optional) 

The field representing self-potential; the distance or 

weight between a feature and itself. 

Field 

Weights Matrix File 

(Optional) 

The path to a file containing weights that define 

spatial, and potentially temporal, relationships among 

features. 

File 

Apply False 

Discovery Rate 

(FDR) Correction 

(Optional) 

Specifies whether statistical significance will be 

assessed with or without FDR correction. 

Boolean 

Number of 

Neighbors 

(Optional) 

An integer specifying the number of neighbors to 

include in the analysis. 

Long 

DERIVED OUTPUT  

Results Field The results field name (GiZScore) Field 

Probability Field The probability field name (GiPValue) Field 

Source_ID The source ID field name (SOURCE_ID) Field 

 

3.3.3.2 Temporal Analysis of SVI  

Statistical analysis was undertaken using MATLAB to investigate the distribution properties of the 

data. Given the potential for non-normal distributions in real-world data, the Lilliefors test was employed 

to test the null hypothesis that the SVI data came from a normally distributed population. This 

preliminary step was necessary because it influenced the choice of subsequent statistical tests. Upon 

detecting non-normality in the SVI data, as indicated by low p-values across the themes, the study shifted 

from parametric to non-parametric statistical methods to better accommodate the characteristics of the 

data. 
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The non-parametric Kruskal-Wallis test was selected to compute whether there were statistically 

significant differences in SVI values across the years studied (Lix et al., 1996). This test was chosen for 

its ability to handle non-normal distributions and its applicability to comparing more than two 

independent groups. In this study, each group corresponded to a specific year in each theme. In cases 

where the Kruskal-Wallis test indicated significant differences, post hoc analyses were performed to 

identify which specific years differed from each other. The Bonferroni correction method was applied 

during these pairwise comparisons to adjust for the increased risk of ñType I errorsò due to multiple tests 

(Armstrong, 2014). 

The study also incorporated visual analyses with boxplots to illustrate the distribution of SVI values 

for each theme and year. These plots were designed to display the median, quartiles, and overall spread of 

the data, providing a ñgraphical representation of central tendency and variability over timeò (Dawson & 

Saint Maryôs University, 2011). 

3.3.4 Synthesis of LULC, Flooding Patterns, and SVI 

The integration of changes in LULC, flooding patterns, and SVI is critical for identifying areas within 

New Orleans that are highly susceptible to flooding, are disproportionately vulnerable, and are impacted 

by land use decisions was accomplished using a raster overlay analysis. This technique was used to merge 

the LULC, flood extent, and SVI datasets, assigning equal weights to all variables. This choice is justified 

by the need to provide a balanced representation of each factorôs contribution to overall risk. 

Each census tract underwent a comprehensive analysis where the weighted factors of LULC, 

flooding, and SVI were aggregated to assign a cumulative risk score. The composite risk profile index 

that resulted from the weighted overlay analysis was subsequently classified into a risk matrix. The risk 

matrix was instrumental for categorizing and weighing the risk factors systemically (Figure 3.11). This 

matrix compared the likelihood of various flood scenarios against their potential impacts, offering a visual 

representation of the risk levels faced in different parts of New Orleans. 
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Figure 3.12 Risk Matrix Framework. This diagram illustrates a risk matrix framework, serving as a 

tool for evaluating risk scenarios for LULC-derived flood risk, MNDWI-derived flood risks, and social 

vulnerabilities in the study area through time. The vertical axis represents the probability, with ratings 

ranging from óRareô to óAlmost Certainô. The horizontal axis represents severity of impact, with ratings 

ranging from óInsignificantô to óSevereô. The intersection of these axes results in a color-coded spectrum 

of risk categories. This matrix provides a structured approach to visually interpret and compare the 

potential impact of various flood scenarios to inform risk assessment processes in urban planning and 

disaster preparedness. 

The final risk map was created by ranking each census tract according to its category in the 

intermediate maps for LULC, flooding, and SVI. Layering these three variables highlights the areas of 

heightened concern. This multi-layered approach allows for a more nuanced understanding of how these 

elements interact and their evolving relationships throughout the time series of study. 
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CHAPTER 4  RESULTS 

4.1 LULC Risk Assessment 

The examination of LULC changes in New Orleans from 2005 to 2023 was carried out with a 

supervised classification algorithm to distinguish between four land cover types: open water, wetlands, 

vegetation, and developed areas. This analysis documented shifts in land cover, presenting the extent of 

each land cover category over the years (Figure 4.1). These maps illustrate the dynamic nature of the 

landscape, highlighting the gradual expansions and contractions within each land cover type. 

 

 

Figure 4.1 LULC Maps (2005-2023). This figure presents a series of five Landsat-derived LULC 

maps of New Orleans, comparing the years 2005, 2010, 2015, 2020, and 2023. Each map illustrates 

variations in four major land cover types: open water in blue, vegetation in green, developed areas in 

magenta, and wetlands in tan. Changes across the series indicate transitions in the urban and natural 

environments of the region, with noticeable shifts particularly in vegetation and wetland areas. The maps 

serve to visualize the dynamic nature of land cover over nearly two decades, providing a clear visual 

representation of spatial changes and potential trends for further analysis. 
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A sequence of pie charts (Figure 4.2) illustrates the specific changes of LULC over this period, with 

notable shifts in the distributions of land cover types throughout time. 

 

Figure 4.2 Changes Between LULC Categories (2005-2023). This figure displays a set of five pie 

charts representing the distribution of LULC classes for New Orleans, capturing changes from 2005 to 

2023. Each chart is segmented to illustrate the proportion of four different LULC categories: open water, 

wetlands, vegetation, and developed areas. The color scheme corresponds to each category with 

consistent coloration across the series for clear comparison (blue for open water, green for vegetation, tan 

for wetlands, and magenta for developed land). The pie charts serve as a visual summary of LULC 

dynamics over the study period, indicating fluctuations in the proportions of the land cover types under 

study. These changes reflect evolving interactions between urban expansion and natural habitat 

conservation. 

In 2005, the most prevalent land cover category was open water, covering 27.2% of the landscape. 

Wetlands and vegetated areas were relatively balanced, encompassing 25.9% and 25.4%, respectively, 

while developed areas covered a slightly smaller 21.5%. This distribution highlights a balanced interplay 

between natural and urbanized spaces at the time. 

By 2010, notable changes are observed with an increase in wetlands to 31.9%, suggesting natural 

expansion or targeted restoration efforts. This increase came with a concurrent decrease in open water and 

vegetation to 22.6% and 24.2%, respectively. The proportion of the developed land cover remained 

relatively stable, reflecting controlled urban growth during post-Hurricane Katrina recovery periods. The 

chart for 2015 shows a reduction in both open water (18.6%) and wetlands (27.7%) while vegetative areas 

increased in proportion to 29.7% of the study area. This may suggest effective reforestation efforts or 
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could be the result of the drainage of wetland areas for agricultural purposes. Developed land increased to 

23.9%, indicating continued urbanization.  

In 2020, vegetation further increased to 28.9%, maintaining its position as the dominant LULC 

category. Developed areas also increased slightly to 24.4%, hinting at ongoing urban expansion. Open 

water areas maintained a stable proportion of 21.2% while wetlands fell to 25.5%. Vegetation increased 

considerably to 36.9% while wetlands saw a decrease to 20.7% in 2023, further supporting the notion of 

potential wetland drainage or other land management practices favoring terrestrial green cover. The 

proportion of developed land cover was reduced to 22% and open water remained relatively consistent at 

20.4%. 

The Landsat-derived LULC class risk maps of New Orleans for the years 2005 to 2024 (Figure 4.3) 

displays the cityôs evolving landscape. The óMedianô statistic was used to categorize each census tract 

according to the level of flood risk they faced due to land cover patterns. óNegligibleô risk areas, shown in 

pale blue, denote areas that fall into the open water category. These areas are presumed to carry very little 

risk of flooding compared to other land cover types because of the natural abilities of waterways to absorb 

the impacts of floods. óMinorô risk areas, colored in green, suggest zones with a relatively low flood risk. 

These zones represent wetlands, which serve as natural buffer zones against the effects of storm events.  

In yellow, óSignificantô risk zones denote vegetated land cover. Although vegetative areas are 

generally permeable to water, there is a limit to the rate at which water can infiltrate these regions. 

óSevereô risk zones (in deep red) are defined by highly developed areas that are within 100 meters of a 

waterway and lie below sea level. These areas are especially susceptible to the rapid accumulation of 

flood waters due in equal parts to their proximity to water bodies and their geographical location. 

Developed areas that do not fall into the óSevereô category are placed in the óMajorô risk level, shown in 

orange. While these areas are not as vulnerable to extensive damage in the wake of flooding, they still 

carry a substantial risk due to the impermeable nature of urban land cover. 
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Figure 4.3 LULC Class-Derived Flood Risk Maps (2005-2023). This figure presents a series of risk 

maps developed from LULC class assignments for New Orleans for the years 2005, 2010, 2015, 2020, 

and 2023. The maps are positioned in chronological order to demonstrate the evolution of risk as it relates 

to land cover types over time. Each map defines the levels of flood risk using a color-coded scheme, 

where lighter shapes represent lower risk levels and progressively darker shades highlight the areas most 

susceptible to flooding according to their land cover assignment. These maps provide a visual 

representation of the changing risk landscape in response to factors such as urban development, natural 

disasters, and implementation of flood mitigation measures. The progression across the maps reflects both 

the temporal changes in LULC patterns and the effectiveness of urban planning policies aimed at flood 

risk reduction. 
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The risk map for 2005 illustrates the city mere months before the widespread destruction of 

Hurricane Katrina. The devastating storm exposed the flood-prone patterns of land use in the area, with 

the most populated areas in the heart of the city being associated with óMajorô and óSevereô risk levels. 

The absence of areas at the óNegligibleô level of risk presents a scene that emphasizes the dire situation at 

the time, foreshadowing the eventual disaster that destroyed large parts of the city. The census tracts on 

the eastern side of the study area are predominantly covered by vegetation and wetlands, providing a 

safeguard in those areas. The óSignificantô risk areas, though less affected by flooding than the higher 

levels of risk, are still susceptible to the negative impacts of flooding. 

The 2010 risk map describes the initial post-Katrina landscape, placing emphasis on areas that may 

have been subjected to extensive damage and destruction. Most notable is the expansion of the óSevereô 

risk level zones that highlight areas that are in critical need of targeted intervention. Like in 2005, many 

of these high-risk areas are concentrated in the cityôs center, highlighting the effects of elevation on 

flooding risk. Surprisingly, the eastern end of the city remained relatively stable in terms of risk during 

this critical time in the history of New Orleans. This may be indicative of the inherent effectiveness of 

natural areas as defenses against flooding. 

The shifts in LULC class-derived flooding risks continue in the decade following the far-reaching 

destruction of Hurricane Katrina, particularly in the cityôs high-population zones. The interval between 

2010 and 2015 continue the trend of expanding óSevereô and óMajorô risk areas towards the northern 

border of the study area despite extensive mitigation efforts. These changes contrast the relative stability 

of the 2020 landscape, with most areas undergoing minor change or small improvements in risk 

designation. 

By 2023, there is a small but not insignificant emergence of areas in the óNegligibleô risk category. 

This could be the result of targeted resilience-building initiatives at the neighborhood scale. Though some 

census tracts have undergone a reduction in risk with regard to land cover classes, the cityôs center 

continues to struggle with very high levels of risk. Continued urban expansion and rapid subsidence could 

both contribute to these shifts towards heightened levels of risk in these zones. 

4.1.1 LULC Ground Truthing  

A vital component of the classification process was the validation undertaken through ground 

truthing. The accuracy of the classification was quantified and is detailed in the confusion matrix results 

(Tables 4.1 ï 4.4). These matrices evaluate the performance of the classification algorithm, offering 

insights into its precision in differentiating the land cover types and identifying areas where the algorithm 

may have encountered challenges. 
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The confusion matrix for the year 2005 (Table 4.1) presents an evaluation of the supervised 

classification algorithm applied to the LULC assessment for New Orleans. This matrix quantifies the 

classification accuracy by comparing the predicted land cover categories against actual observations. 

Table 4.1 LULC Classification Confusion Matrix (2005). This table displays a confusion matrix for 

the year 2005, providing a detailed assessment of the supervised classification algorithmôs performance 

applied to the LULC analysis of New Orleans. It compares the predicted LULC categories ï open water, 

vegetation, wetlands, and developed ï with actual observations from ground truth points to calculate 

classification accuracy. The matrix includes counts of true positives for each class along with Producerôs 

Accuracy and other statistical measures like the Overall Accuracy, Kappa coefficient, and Probability of 

Error (Pe). Notably, open water and developed areas show high Producerôs Accuracies, suggesting 

effective classification. Vegetation and wetlands results indicate room for improvement in the algorithmôs 

accuracy. 

 2005 

 
Predicted 

Open Water 

Predicted 

Veg. 

Predicted 

Wetlands 

Predicted 

Developed 
Sum 

Producerôs 

Accuracy 

Actual Open 

Water 
51 5 10 0 66 0.7727273 

Actual Veg. 21 57 61 33 172 0.3313953 

Actual Wetlands 6 0 8 0 14 0.5714286 

Actual 

Developed 
0 9 1 38 48 0.7916667 

Sum 76 96 66 62   

 Overall Accuracy = 0.4333 Kappa = 0.2437 Pe = 0.25073 

 

Open water areas were accurately predicted with a high Producerôs Accuracy of 77.27%, suggesting 

that the satellite imagery and classification algorithm were effective in distinguishing water bodies. 

Developed areas also showed a high accuracy level of 79.12%, indicating the algorithmôs competency in 

identifying urbanized zones. 

The algorithm exhibited limitations when classifying vegetation and wetlands. Vegetation had a 

relatively low Producerôs Accuracy of 33.14%, which could indicate challenges in discerning vegetation 

from other land cover types. This may be due to the diverse spectral signatures within this category. The 

wetlands classification was better, standing at 57.14%. While more accurate than the vegetation class, the 

algorithm still struggled to differentiate wetlands from other categories. This might reflect the complex 

nature of wetland ecosystems and their spectral overlap with open water and vegetated areas. 

The Overall Accuracy of the classification is 43.33% with a Kappa coefficient of 0.2437. The Kappa 

coefficient suggests that while the classification reveals some degree of accuracy beyond random chance, 

there is considerable room for improvement. These results underscore the need for rigorous ground 

truthing and potential refinement of the classification approach to enhance the distinction between similar 

LULC types. 
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It is important to note that while the binary classification for permeable (open water, vegetation, and 

wetlands) versus non-permeable (developed) surface shows a higher accuracy of 82.05%, this does not 

capture the full complexity of the landscape. This simplification of land cover classes can be beneficial 

for broad analyses but may overlook subtle yet critical transitions within land cover types that are 

essential for detailed environmental and urban planning.  

The 2010 confusion matrix (Table 4.2) further highlights the algorithmôs proficiency and challenges 

in accurately mapping the regionôs landscape. 

Table 4.2 LULC Classification Confusion Matrix (2010). This confusion matrix evaluates the 

accuracy of the 2010 LULC classification against ground truth data for New Orleans. It outlines the 

correspondence between predicted classifications for open water vegetation, wetlands, and developed 

land cover types against actual on-the-ground observations. Producerôs Accuracy for each category is 

calculated, with developed land cover showing the highest reliability at 80%. The matrix also reports the 

Overall Accuracy, Kappa coefficient, and Pe value for the 2010 LULC data. 

 2010 

 
Predicted 

Open Water 

Predicted 

Veg. 

Predicted 

Wetlands 

Predicted 

Developed 
Sum 

Producerôs 

Accuracy 

Actual Open 

Water 
50 0 16 2 68 0.7352941 

Actual Veg. 12 58 64 25 159 0.3647799 

Actual Wetlands 5 1 12 0 18 0.6666667 

Actual 

Developed 
0 10 1 44 55 0.8 

Sum 67 69 93 71   

 Overall Accuracy = 0.4367 Kappa = 0.24396 Pe = 0.25489 

 

The Producerôs Accuracy for open water areas shows a high degree of reliability at 73.53%, 

suggesting that open water bodies were well-distinguished from other land cover classes. Developed areas 

maintained a slightly better Producerôs Accuracy of 80%, reinforcing the algorithmôs consistency in 

identifying urban structures across different time points. 

The accuracy for vegetation slightly dropped to 36.48% from 2005, indicating persistent difficulty in 

accurately classifying vegetated areas. This could be due to spectral similarities between vegetation and 

other land cover classes or changes in vegetation patterns over time. Wetlandsô accuracy improved to 

66.67%, which is a positive indication of the algorithmôs increasing ability to differentiate wetland 

characteristics. 

The Overall Accuracy of the 2010 LULC classification is 43.37%, with a Kappa coefficient of 

0.24396. Although the Kappa value slightly improved from the 2005 assessment, it still suggests a 

moderate level of classification accuracy that requires further refinement. The binary classification 
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accuracy that contrasts permeable surfaces from non-permeable surfaces remains high at 84.90%, echoing 

the findings from the previous assessment.  

The 2015 confusion matrix (Table 4.3) provides an insightful evaluation of the classification accuracy 

for the various land cover types in New Orleans, reflecting the performance of the classification algorithm 

a decade after Hurricane Katrina. 

Table 4.3 LULC Classification Confusion Matrix (2015). This confusion matrix evaluates the 

LULC classification accuracy for 2015, highlighting the comparison between predicted land cover classes 

and verified ground truth points in New Orleans. Each row represents actual observations, while columns 

indicate the classifierôs predictions. Totals and Producerôs Accuracy are calculated for open water, 

vegetation, wetlands, and developed areas. The matrix also records an Overall Accuracy of 48.67% and a 

Kappa coefficient of 0.30869, indicative of a moderate classification performance. The high Producerôs 

Accuracy for open water and developed areas contrasts with the low accuracy for vegetation, highlighting 

the algorithmôs variations in precision. 

 2015 

 
Predicted 

Open Water 

Predicted 

Veg. 

Predicted 

Wetlands 

Predicted 

Developed 
Sum 

Producerôs 

Accuracy 

Actual Open 

Water 
49 3 18 1 71 0.6901408 

Actual Veg. 1 63 48 25 137 0.459854 

Actual Wetlands 3 6 19 0 28 0.6785714 

Actual 

Developed 
0 10 1 53 64 0.828125 

Sum 53 82 86 79   

 Overall Accuracy = 0.4867 Kappa = 0.30869 Pe = 0.25744 

 

This matrix indicates a moderate Overall Accuracy of 48.67%, with the Kappa statistic at 0.30869, 

suggesting a fair agreement beyond chance. Notably, the Producerôs Accuracy for developed areas 

remains high at 82.81%, reflecting the algorithmôs consistent ability to identify and classify urban areas 

correctly. The Producerôs Accuracy for open water decreased slightly to 69.01%. This could be due to 

changes in the physical landscape or spectral similarities that cause confusion with other land cover types. 

Vegetation accuracy is 45.98% and wetlands accuracy is at 67.86%, indicating that there is room for 

improvement even though the algorithm can fairly distinguish these land cover classes. 

The binary classification accuracy for differentiating between permeable and non-permeable surfaces 

is 86.81%, demonstrating the classification systemôs robustness in categorizing the broader land cover 

types that are important for understanding flood risk and urban planning dynamics. Given the complexity 

of the study area, refinement of the classification methods and validation process is especially necessary. 

The 2020 confusion matrix (Table 4.4) summarizes continued shifts in classification accuracy 

through time. 
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Table 4.4 LULC Classification Confusion Matrix (2020). This confusion matrix gives an account of 

the accuracy in LULC classification for New Orleans in 2020, contrasting predicted classes against 

ground truth observations. A breakdown of the specific categories ï open water, vegetation, wetlands, and 

developed areas ï is presented, with their respective hit and miss counts captured in a matrix format. The 

table indicates an Overall Accuracy of 51.33% and a Kappa coefficient of 0.34668, reflecting a moderate 

consistency in classification relative to random chance. Notably, high Producerôs Accuracy rates are 

recorded for open water and developed areas, suggesting reliable identification of these categories by the 

classification algorithm. 

 2020 

 
Predicted 

Open Water 

Predicted 

Veg. 

Predicted 

Wetlands 

Predicted 

Developed 
Sum 

Producerôs 

Accuracy 

Actual Open 

Water 
52 2 14 0 68 0.7647059 

Actual Veg. 3 65 43 26 137 0.4744526 

Actual Wetlands 2 3 25 0 30 0.8333333 

Actual 

Developed 
0 14 0 51 65 0.7846154 

Sum 57 84 82 79   

 Overall Accuracy = 0.5133 Kappa = 0.34668 Pe = 0.25509 

 

The Overall Accuracy for 2020 LULC classification measures at 51.33% with a Kappa statistic of 

0.34668 that represents a fair level of agreement beyond chance. The Producerôs Accuracy for developed 

areas continues to be strong at 78.46%, suggesting a consistent performance in the identification of urban 

infrastructure. 

Open water classification shows a Producerôs Accuracy of 76.47%, indicating a respectable reliability 

in detecting these areas. This is key for understanding flood risk and flood management. Vegetation 

accuracy dropped slightly to 47.45%, which might imply ongoing challenges in separating vegetation 

from other land cover types, especially with increasing urban development. The classification of 

wetlands, however, has improved to an accuracy of 83.33%, suggesting enhanced distinction of these 

areas from others. The binary classification accuracy of 85.95% reflects the systemôs effectiveness in 

classifying permeable and non-permeable surfaces, which is vital for hydrological and risk assessment 

models.  

The final confusion matrix (Table 4.5) shows changes in land cover classification accuracy for the 

year 2023. 
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Table 4.5 LULC Classification Confusion Matrix (2020). This confusion matrix evaluated LULC 

classification for New Orleans in 2023 by comparing predicted land cover categories against ground truth 

points. The matrix shows counts of true positives for each category ï open water, vegetation, wetlands, 

and developed areas ï alongside false identifications. It reveals an Overall Accuracy of 45.63% and a 

Kappa coefficient of 0.27059, indicating a fair but not strong agreement between classified and observed 

data. The Producerôs Accuracy ranges indicate varying levels of classification precision. 

 2023 

 
Predicted 

Open Water 

Predicted 

Veg. 

Predicted 

Wetlands 

Predicted 

Developed 
Sum 

Producerôs 

Accuracy 

Actual Open 

Water 
47 5 17 1 70 0.6714286 

Actual Veg. 5 81 31 21 138 0.5869565 

Actual Wetlands 3 3 23 0 29 0.7931034 

Actual 

Developed 
0 15 0 48 63 0.7619048 

Sum 55 104 71 70   

 Overall Accuracy = 0.4563 Kappa = 0.27059 Pe = 0.26424 

 

The Producerôs Accuracy for open water is 67.14%, suggesting that while there is a good detection 

rate there may be some confusion with other categories. Vegetation accuracy stands at 58.69%, showing a 

moderate reliability in classifying vegetative cover within the study area. 

Wetland classification accuracy is quite high at 79.31%, reflecting a strong ability to distinguish these 

critical habitats. The classification of developed areas shows a Producerôs Accuracy of 76.19%, 

demonstrating a consistent ability to identify built-up areas. Binary classification accuracy for permeable 

versus non-permeable surfaces is 86.97%, suggesting a robust capability of the classification process to 

differentiate between these two broad categories. 

4.2 Flood Risk Assessment 

The assessment of flood risk over time in New Orleans is illustrated in the series of flood risk maps 

derived from the MNDWI data for the years 2005, 2010, 2015, 2020, and 2023. The risk levels, classified 

into five categories ï óNegligibleô, óMinorô, óSignificantô, óMajorô, and óSevereô ï reveal important 

insights into the landscapeôs vulnerability to flooding events (Figure 4.4). 
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Figure 4.4 MNDWI-Derived Flood Risk Maps (2005-2023). This set of flood risk maps, developed 

using the MNDWI, portrays the fluctuating risk levels across New Orleans for the years 2005, 2010, 

2015, 2020, and 2023. Each map is color-coded to indicate varying risk levels from óNegligibleô (lightest 

shade) to óSevereô (darkest shade), offering a visual narrative of the cityôs changing flood risk profile 

through time. The maps provide a clear temporal comparison, showing the progression and regression of 

flood-prone areas, essential for urban planning and risk management. The legend in the lower right corner 

corresponds to all the maps pictured here. 
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The 2005 MNDWI-derived flood risk map offers a snapshot of the flood variability in New Orleans 

prior to the devastation of Hurricane Katrina. This map, crucial for understanding the baseline flood risks 

in the region, serves as a comparative reference for post-Katrina flood risk assessments. 

The flood risk levels, denoted by varying colors, indicate a predominance in óSignificantô flood risk 

(indicated in medium blue) throughout most of the urbanized areas. Pockets of óMajorô risk levels (in 

royal blue) along the southern borders of the city reflect the areas more likely to experience flooding due 

to their proximity to water bodies and/or low-lying topography. Two solitary census tracts in the óSevereô 

category are on the eastern side of the city, while areas of óMinorô risk are sporadically distributed 

throughout the area. Notably absent are areas of óNegligibleô risk, underscoring the cityôs intrinsic 

vulnerability due to its geographical positioning. 

These patterns present an important baseline for flood risk in the region, which is essential for 

historical comparison. In particular, the map highlights the regions that are most vulnerable to flooding ï 

foreshadowing the effects of Hurricane Katrina later that year. It also places emphasis on the importance 

of maintaining and strengthening flood management systems to protect against future storm events.  

The interval between 2005 and 2010 was a defining period for New Orleans, a period that 

encompassed both the time before Hurricane Katrina devastated the city and the initial stages of recovery 

efforts. The 2010 MNDWI-derived flood risk map showcases a snapshot of the initial aftermath of 

Hurricane Katrina, indicating notable shifts in flood potential across different regions. This period was 

critical in the cityôs reconstruction efforts, providing insights into the emerging challenges in flood 

management. 

Analyzing the map, a change in the two previously óSevereô tracts that have improved to a 

óSignificantô level could indicate recovery efforts and adaptive responses to the flood impacts of the 

catastrophic storm. A new tract of óSevereô risk emerges in the northwest (City Park), a reflection of the 

areaôs natural susceptibility to standing water and the challenge of maintaining large green spaces in a 

flood-prone region. Additionally, an expansion of the óMajorô risk category into the cityôs far eastern tract 

raises concerns about the spread of vulnerability. The contraction of óSignificantô risk areas, replaced by 

óMinorô ones, suggests a landscape in flux that is influenced by both human interventions and natural 

processes. 

By 2015, the flood risk landscape further evolves with no census tracts designated as óSevereô. This 

improvement could indicate the efficacy of ongoing urban resilience and flood management measures. 

The retraction of óMajorô risk areas to their pre-Katrina extents points towards a slow but steady 

recuperation and the gradual return of a landscape to a semblance of its former state. However, the 

encroachment of óSignificantô risk areas into the northwest corner and southern tip, at the expense of 
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óMinorô zones, suggests that some areas prosper while others remain caught in a struggle with their 

hydrological realities.  

2020 marks fifteen years of post-Katrina recovery efforts, providing insights into the long-term 

impacts of disaster recovery and resilience-building efforts. This map presents a relatively stable risk 

environment with óMajorô risk zones unchanged, indicating a plateau in flood risk evolution. 

Improvements are observed in the southern tip where óSignificantô risk tracts downgrade to óMinorô, 

reflecting positive change ï perhaps due to successful flood control initiatives or ecological recovery. 

Conversely, the northwest corner witnesses an increase in risk from óMinorô to óSignificantô, an unsettling 

trend that may be attributed to factors such as urban development altering the natural water flow or 

maintenance challenges in existing flood defenses. 

The 2023 map indicates a city that continues to grapple with its complex relationship with water. 

Major risk areas remain largely consistent, with notable expansions in the northeast, signifying emerging 

concerns in regions that previously faced lesser risk levels. The cityôs heart also witnesses an escalation 

from óSignificantô to óMajorô, raising questions about the urban coreôs vulnerability. In contrast, the east-

central zone exhibits resilience with a reduction of óSignificantô to óMinorô risk areas, while the persistent 

óSignificantô risk in the northwest corner may reflect entrenched environmental or urban challenges that 

resist simple solutions. This detailed view of the flood risk evolution underscores the cityôs need for 

sustained and adaptive flood management strategies, responsive to both the changing climate and the 

urban fabricôs metamorphosis. 

In synthesizing the flood risk assessments from 2005 to 2023, the narrative that emerges is one of a 

dynamic interplay between human resilience and the relentless force of nature. These MNDWI maps 

chronicle New Orleansô persistent vulnerability to flooding, even as the city fortifies its defenses and 

adapts to the changing patterns of surface hydrology. The temporal progression reflects a landscape 

touched by recovery and transformation, yet consistently shadowed by the threat of water ï whether from 

overflowing levees, torrential rains, or rising sea levels. The ongoing fluctuations in flood risk across the 

cityôs diverse neighborhoods emphasize the complexity of managing such risks in an environment where 

water is both a lifeline and a danger.  

4.3 SVI Risk Analysis 

4.3.1 SVI Census Tracts Classification 

The analysis of SVI was conducted through a Global Moranôs I statistic to determine the spatial 

autocorrelation of social vulnerability. The results are a unique Moranôs Index (MI), Expected Index (EI), 

Z-score, and p-value (Table 4.6). 
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Table 4.6 Global Moranôs Results for SVI (2000-2020). This table presents the initial statistical 

analysis of SVI across New Orleans from the years 2000, 2010, 2016, and 2020. It displays the Global 

Moranôs (MI) values, expected index (EI), Z-scores, and p-values for four distinct themes of social 

vulnerability as well as an overall score. The MI values are indicators of spatial autocorrelation, where 

positive values suggest that census tracts with similar SVI scores are clustered together, whereas negative 

scores indicate dispersion. The Z-scores and p-values provide insight into the statistical significance of 

the observed spatial patterns. Higher absolute values of Z-scores and lower p-values suggest stronger 

evidence against the null hypothesis of random distribution. This table is essential for understanding the 

spatial dynamics of SVI in the city over time, highlighting areas of concentrated disadvantage and the 

effectiveness of policies aimed at vulnerability reduction. 

 2000 2010 2016 2020 

 MI  EI MI EI MI EI MI  EI 

Theme 1 0.09259 -0.0056 0.05486 -0.0057 0.10616 -0.0057 0.11914 -0.0055 

Theme 2 0.07687 -0.0056 0.14278 -0.0057 0.09597 -0.0057 0.08968 -0.0055 

Theme 3 0.03686 -0.0056 0.07102 -0.0057 0.06440 -0.0057 0.16046 -0.0055 

Theme 4 0.06834 -0.0056 0.04008 -0.0057 0.03594 -0.0057 0.03078 -0.0055 

Overall 0.08671 -0.0056 0.07066 -0.0057 0.09518 -0.0057 0.10454 -0.0055 

 Z-score p-value Z-score p-value Z-score p-value Z-score p-value 

Theme 1 9.91078 0.00000 5.81522 0.00000 10.6956 0.00000 12.6389 0.00000 

Theme 2 8.31884 0.00000 14.2464 0.00000 9.73068 0.00000 9.65201 0.00000 

Theme 3 4.29151 0.00002 7.37240 0.00000 6.71360 0.00000 16.8550 0.00000 

Theme 4 7.46209 0.00000 4.39701 0.00001 3.98462 0.00007 3.67903 0.00023 

Overall 9.32219 0.00000 7.33171 0.00000 9.64812 0.00000 11.1570 0.00000 

 

In the context of Local Moranôs I analysis for Theme 1 (Figure 4.5), there is an indication of 

socioeconomic clustering across study years that not only persists ï but becomes more pronounced over 

time. This trend suggests that there are systemic patterns of spatial inequality, possibly influenced by a 

combination of historical, social, and policy factors. 
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Figure 4.5 Local Moranôs Cluster Analysis ï Theme 1 (2000-2020). This figure consists of a series 

of four maps that display the spatial cluster analysis of the first SVI theme for the years 2000, 2010, 2016, 

and 2020 in New Orleans. Each map uses color-coding to represent areas of high-high clusters (light red), 

high-low outliers (medium red), low-low clusters (light blue), and low-high outliers (medium blue), along 

with areas of no significant clustering (white). These patterns indicate where geographically similar SVI 

scores cluster together or where significantly different scores are adjacent to one another. The maps 

represent the changes over time in the clustering of SVI factors, allowing for an assessment of how the 

concentration of social vulnerability has evolved across the city, influenced by factors such as policy 

interventions and socioeconomic developments. 

In the years 2000 and 2010, Moranôs Index values of 0.09259 and 0.05486, respectively, indicate a 

low but present autocorrelation, suggesting that areas with similar socioeconomic status were more likely 

to be clustered. This is supported by the Z-score that surpasses conventional significance levels, with a p-

value effectively at zero, reinforcing the extremely low likelihood of this clustering being a product of 

random spatial processes.  

The year 2016 sees a notable increase in the Moranôs Index to 0.10616, indicating an increase in 

spatial autocorrelation and potentially pointing to pronounced spatial inequality. The very high Z-score 

with a p-value of 0 could reflect the influence of historical development patterns, policy decisions, and 

other systemic factors such as redlining. By 2020, the Moranôs Index reaches 0.11914, suggesting a 

highly significant pattern of clustering. This indicates an even stronger spatial clustering of 
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socioeconomic statuses beyond what is expected by random chance. The persistence of a high Z-score 

and a p-value of 0 provides compelling evidence against spatial randomness. 

This progression from 2000 to 2020 points to a systemic and sustained variation in the spatial 

distribution of data for Theme 1. The implications of this trend are substantial, implying that factors 

contributing to socioeconomic clustering have become more pronounced, revealing the critical 

importance of addressing the underlying causes. The persistent clustering patterns could influence the 

allocation of resources, urban planning, and policy-making. This finding suggests a need for targeted 

interventions to address the structural causes of spatial socioeconomic disparities. 

The Local Moranôs analysis for Theme 2, which focuses on household characteristics and disability, 

reflects a substantial degree of spatial autocorrelation across the study period, indicating a clustering of 

households with similar characteristics within the region (Figure 4.6). 

 

Figure 4.6 Local Moranôs Cluster Analysis ï Theme 2 (2000-2020). This figure presents a series of 

four maps showing the results of a Local Moranôs I cluster analysis for the second theme of the SVI in 

New Orleans for the years 2000, 2010, 2016, and 2020. The analysis visualizes areas with similar SVI 

scores that are geographically close (high-high clusters and low-low clusters) and areas where 

significantly different SVI scores are adjacent to each other (high-low and low-high clusters). This 

sequence helps to trace the evolution of spatial patterns in social vulnerability, focusing on specific 

factors related to Theme 2 of the SVI. 
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In 2000, the analysis yielded a Moranôs Index of 0.07687, suggesting a positive but modest degree of 

spatial autocorrelation. The Z-score of 8.31884 significantly exceeds significance levels and the p-value 

of zero indicates an extremely low probability of this pattern occurring by random chance. This may 

suggest that households with similar household compositions and disability profiles tend to be 

geographically clustered. The year 2010 shows a pronounced increase in the Moranôs Index to 0.14278, 

reflecting a stronger spatial autocorrelation and thus a greater likelihood of clustering. The Z-score rises 

dramatically to 14.2464, reinforcing the robustness of this clustering effect. The p-value of zero further 

confirms the non-randomness of this spatial distribution.  

By 2016, while the Moranôs Index decreases slightly to 0.09597, it still indicates a significant 

clustering effect, confirmed by the Z-score of 9.73068 and a p-value of zero. This trend indicates the 

persistence of spatial clustering of households by the factors represented by Theme 2, although there is 

some variation over time in the intensity of this clustering. In 2020, the Moranôs Index marginally 

decreases to 0.09868, reinforcing a persistent significant spatial clustering with a Z-score of 9.65201 and 

a p-value of zero. The slight decrease in the Moranôs Index could suggest a subtle dispersal of previously 

clustered attributes or it could reflect changes in the methodology of the dataset for that year. 

Overall, the trend from 2000 to 2020 illustrates that the spatial distribution of households with similar 

characteristics and disabilities is highly clustered and that this clustering is not likely to be due to spatial 

randomness. These findings necessitate the need for an examination of the factors that lead to these 

consistent clustering patterns, which may include housing policies or the distribution of social services. 

For Theme 3 (racial and ethnic minority status), the Local Moranôs I analysis highlights the dynamics 

of spatial distribution and clustering of minority populations within the area over the two-decade period 

(Figure 4.7). 
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Figure 4.7 Local Moranôs Cluster Analysis ï Theme 3 (2000-2020). This figure features four maps 

that illustrate the outcomes of a Local Moranôs I cluster analysis for Theme 3 of the SVI for 2000, 2010, 

2016, and 2020. This analysis spotlights geospatial clustering of social vulnerability factors specific to 

Theme 3, such as concentrations of ethnic minorities. Each of the four maps points out areas of high 

vulnerability surrounded by similar areas (high-high) in light red, areas of low vulnerability surrounded 

by similar areas (low-low) in light blue, and outliers where the high vulnerability areas are near low 

vulnerability areas in medium red and medium blue. Non-significant clusters are indicated in white. These 

representations allow for an assessment of changes in spatial patterns of vulnerability associated with 

demographic and racial factors over the two-decade period. 

In 2000, the Moranôs Index of 0.03686 indicates a lower level of spatial autocorrelation, while the Z-

score of 4.29151 and the associated p-value of 0.00002 confirms that the clustering is unlikely to have 

occurred by chance. This suggests that while the clustering of racial and ethnic minority populations is 

present, it is not as pronounced as it is for previous themes. In 2010, the Moranôs Index increases to 

0.07102. This signifies a strengthening in the clustering of minority populations in the study area. The 

higher Z-score of 7.37240 and a p-value of zero strongly suggests an intensification of spatial segregation 

patterns, possibly the result of historical settlement trends and redlining. 

2016 shows a slight decrease in the Moranôs Index to 0.06440, with a Z-score of 6.71360. The p-

value of zero across the years affirms the non-random nature of this spatial pattern, pointing towards 
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systemic factors that maintain racial and ethnic clusters in the region. By 2020, a substantial increase in 

the Moranôs Index to 0.16046 marks the most pronounced clustering effect in this theme. The Z-score 

increases dramatically to 16.8550, indicating an extremely strong rejection of the null hypothesis of 

spatial randomness. This could be indicative of deep-rooted demographic shifts, policy impacts, or other 

socio-cultural dynamics. 

The observed trends from 2000 to 2020 highlight that racial and ethnic minorities are not evenly 

distributed across the study area. Instead, they are significantly clustered ï with the degree of clustering 

intensifying markedly by 2020. This amplification of spatial clustering suggests that the underlying 

causes have become more pronounced over time, reflecting a need for targeted interventions to address 

the root causes of segregation. 

The Theme 4 Local Moranôs I analysis presents spatial patterns concerning housing type and 

transportation (Figure 4.8). 

 

Figure 4.8 Local Moranôs Cluster Analysis ï Theme 4 (2000-2020). This figure shows a sequence of 

maps showing the Local Moranôs I analysis results for Theme 4 for the SVI in the years 2000, 2010, 

2016, and 2020. This theme encompasses variables related to housing and transportation vulnerabilities, 

indicating the concentration of these issues within specific areas. The maps depict high-high vulnerability 

clusters, low-low vulnerability clusters, and outliers. These maps chronicle the distribution and evolution 

of vulnerabilities associated with housing and transportation over the twenty-year period, highlighting the 

areas of the city that have consistently faced challenges and those that have seen improvements. 
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In 2000, a Moranôs Index of 0.06834 suggests a moderate level of clustering based on the variables 

representing Theme 4, which indicates that certain areas share similar housing types and transportation 

patterns. The significant Z-score of 7.46209 and a p-value of zero strongly confirms that the clustering is 

far beyond what would be expected by chance. The decrease in the Moranôs Index to 0.04008 reflects a 

lowered clustering intensity in this theme. The Z-score of 7.39701, while lower than in 2000, still signals 

a substantial departure from spatial randomness. This is supported by the very low p-value of 0.00001, 

indicating the persistence in processes that influence how these characteristics are distributed. 

The year 2016 saw a continued decline in the Moranôs Index to 0.03594, implying that the strength of 

the clustering for these variables has decreased since 2010. The Z-score of 3.98462 affirms significant 

clustering at a reduced magnitude compared to previous years, with a p-value of 0.00007 reinforcing the 

unlikelihood of this pattern occurring randomly. In 2020, the Moranôs Index decreased further to 0.03078 

ï the lowest level of spatial autocorrelation observed in Theme 4. The Z-score of 3.367903 remains in the 

realm of statistical significance, albeit indicative of the weakest clustering effect in the twenty-year 

period. Despite this, the p-value of zero suggests that this pattern remains un-attributable to random 

chance. 

The trend from 2000 to 2020 reveals a gradual lowering in the spatial autocorrelation of housing and 

transportation variables within the study area. This could reflect the diversification of housing policies or 

improvements in transportation infrastructure. This reduction in clustering may also imply a policy-driven 

movement towards more integrated and accessible urban planning. However, the consistent statistical 

significance across all years suggests that certain factors continue to influence spatial clustering. 

The cumulative analysis of Local Moranôs I for the Overall Theme across the studied time intervals 

illustrates the spatial autocorrelation of all themes within the area of interest (Figure 4.9). 
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Figure 4.9 Local Moranôs Cluster Analysis ï Overall (2000-2020). This figure displays a set of maps 

that represent the Overall SVI cluster analysis for New Orleans for 2000, 2010, 2016, and 2020. These 

maps utilize the Local Moranôs I statistic to identify spatial clusters of social vulnerability across the city 

with the aim to identify patterns of social and demographic factors. Each map indicates high-high clusters 

in light red, high-low clusters in medium red, low-low clusters in light blue, and low-high clusters in 

medium blue, with white areas representing no significance. 

For the year 2000, the Moranôs Index value of 0.08671 indicates a moderate level of spatial 

autocorrelation, revealing a tendency for similar groups to cluster geographically. A Z-score of 0.08671 

and a p-value of zero strongly rejects the null hypothesis, revealing a statistically significant spatial 

pattern that is highly unlikely to be a product of random distribution. In 2010, the Moranôs Index slightly 

drops to 0.07066, which still represents a moderate clustering effect. The Z-score of 7.33171 maintains its 

significance with a p-value remaining at zero, confirming the persisting pattern of non-random spatial 

distribution of social and economic factors. 

The Moranôs Index increases to 0.09518 in 2016, suggesting that there is a strengthening in the 

clustering intensity of factors compared to the previous periods. The Z-score is 9.964812 and indicates a 

highly significant spatial clustering. The p-value of zero supports the assertion that these clustered 

patterns are beyond what may occur by chance. By 2020, the Moranôs Index increases further to 0.10454, 
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denoting the strongest clustering effect within the studied intervals in this theme, indicating pronounced 

spatial grouping of socioeconomic groupings. The Z-score also increases to 11.1570 in 2020, reinforcing 

the pronounced departure from randomness. The p-value of zero confirms the enduring presence of 

significant spatial autocorrelation in the data. 

The progression from 2000 to 2020 in the Overall Theme demonstrates a notable consistency and 

intensification of spatial clustering of a variety of systemic factors. This indicates that these factors are 

increasingly concentrated, suggesting areas of concern for risk reduction and resilience-building. This 

significant clustering implies that interventions to address disparities cannot be uniformly applied but 

should be strategically targeted to address these clustering patterns. 

The hot spot analysis of Theme 1 results show dynamic spatial patterns across the studied time 

intervals (Figure 4.10). This analysis was conducted through the Getis-Ord-Gi* statistic and reveals 

significant hot and cold spots illustrating the distribution and intensity of the underlying socioeconomic 

characteristics. 

 

Figure 4.10 Hot Spot Analysis ï Theme 1 (2000-2020). This series of maps illustrates the changing 

patterns of high and low clusters of social vulnerability in New Orleans. Red areas represent high-density 

clusters (ñHot Spotsò) of the studied variable while blue areas represent low-density clusters (ñCold 

Spotsò). The evolution of these clusters over time reflects changes in the spatial distribution of social 

vulnerability factors relating to Theme 1 over time. 



 

65 

The hot spot analysis for the year 2000 reveals a pattern of localized vulnerability zones, with 

significant hot spots of high social vulnerability concentrated in specific areas of New Orleans. These 

clusters of high vulnerability suggest that certain communities were facing pronounced socioeconomic 

challenges. Notably, there are no significant cold spots detected, suggesting that areas of low vulnerability 

are not as concentrated as areas of high vulnerability. In 2010, the hot spots are less dispersed than in 

2020. This may indicate a potential increase in areas of higher SVI scores. These areas are clustered 

around the same central location. The lack of cold spots persists through 2010, reinforcing the idea that 

lower vulnerability areas did not form significant clusters. 

By the year 2016, the hot spots have intensified in the central region of the city. This implies that 

socioeconomic factors represented by Theme 1 may have worsened in these areas. Like the previous 

years, no significant cold spots are evident, which may indicate that areas with improvements in 

socioeconomic conditions are not significantly clustered. There is no change between 2016 and 2020 

other than the emergence of a singular cold spot. Given the low confidence level of 30%, the cold spot is 

not indicative of a significant trend.  

The changes between 2000 to 2020 demonstrate an increasing and spreading vulnerability in terms of 

Theme 1 within the region with a possibility of improving conditions in small areas. However, the general 

lack of significant cold spots in previous years suggests that any improvements are not widespread.  

Moving on to Theme 2, patterns that reveal insights into the spatial dynamics of household 

characteristics throughout the period of study (Figure 4.11). 
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Figure 4.11 Hot Spot Analysis ï Theme 2 (2000-2020). This collection of maps from 2000, 2010, 

2016, and 2020 depicts the concentration of variables related to Theme 2 of the SVI. Red-shaded areas 

indicate ñHot Spotsò where the variables are highly clustered, while the blue shading shows ñCold Spots,ò 

marking areas with significantly lower concentrations of the variables. 

In 2000, the results show that census tracts with higher levels of SVI in this theme are tightly 

concentrated in the central region. Like the analysis for Theme 1, no cold spots are represented. This may 

suggest that households with lower social vulnerability in terms of household composition do not cluster 

significantly. The hot spots are much more pronounced in 2010, spreading farther east and south than in 

2000. This change may reflect a growing concentration of vulnerable households that resulted from a shift 

in demographics or housing policy changes. The cold spots are moderate in size with varying levels of 

confidence. They are concentrated in the southwestern end of the study area. This could point towards the 

development of areas with fewer households with high SVI in Theme 2. 

The analysis for 2016 illustrates a reduction in the centralized hot spot, which could be the result of 

localized improvements aimed at reducing vulnerability factors represented by Theme 2. The cold spots 

that emerged in 2010 are no longer present. This could be due to changes in methodology for this dataset 

or worsening vulnerability in this theme. By 2020, the hot spots remain concentrated in a similar spatial 

pattern to that of 2010. This could suggest a trend of high vulnerability that has persisted in this zone over 
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the two-decade time series. The cold spots, however, have had considerable growth along the western 

edge of the city. This implies that there are significant spatial disparities in SVI values from western New 

Orleans to central-eastern New Orleans. 

The hot spot analysis for Theme 2 suggests that the concentration of vulnerable households had a 

dramatic increase between 2000 and 2010 that has remained relatively stable through 2020. The 

appearance and subsequent disappearance of cold spots from 2000 to 2016 hints at transitional shifts in 

Theme 3 SVI values that are potentially influenced by short-lived policy impacts or demographic 

changes. The substantial growth of a cold spot in 2020 is in stark contrast to the earlier years, showing a 

noteworthy shift towards a more heterogeneous pattern of vulnerability. This could be due to successful 

policy changes aimed at improving resilience in this SVI theme. 

Analyzing the hot spot analysis for Theme 3 shows significant spatial shifts in vulnerability levels in 

terms of racial and ethnic minority status over the twenty-year study period (Figure 4.12). 

 

Figure 4.12 Hot Spot Analysis ï Theme 3 (2000-2020). This set of maps visualizes hot spots of social 

vulnerability as they relate to racial and ethnic minority status in New Orleans. Vivid red areas mark hot 

spots at a 99% confidence level, displaying concentrated zones of vulnerability. Vivid blue areas 

represent the opposite end of the spectrum ï indicating lower levels of vulnerability in this theme. 
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In the year 2020, the hot spots are mostly concentrated near the center of the study area. This 

localized area of high SVI values could be a consequence of historical settlement patterns or the 

availability of community resources that cater to minority groups. By 2010, the hot spots have expanded 

to the north and east. This could reflect demographic changes, such as population growth, within minority 

groups in these areas. The appearance of cold spots may be indicative of disparities in vulnerability levels 

for the Theme 3 factors.  

The hot spots shrank in size between 2010 and 2016, suggesting the possibility of policy changes 

aimed at desegregation and diversity. The absence of cold spots might indicate that any improvements to 

resilience levels along the western edge of the study area were short-lived. 2020 shows the most 

pronounced changes in this series. The hot spots have not only increased in size but have increased in 

confidence level to 99%. This striking growth could be driven by continued demographic trends, 

persistent Theme 3 variables, or a lack of effective policy intervention that aims to reduce inequalities. 

The cold spots return to a similar size and location as in 2010 but with a shift towards higher confidence 

levels. This implies that racial and ethnic minority status distribution is more definitive and divided. 

The dynamic shifts in hot and cold spots from 2000 to 2020 are marked by periods of concentration 

and dispersion. The resurgence of highly confident hot spots in 2020 emphasizes the persistence of 

concentrations of minority populations. This could signal potential systemic issues that influence spatial 

inequalities. The data points to a need for targeted policy responses that address the root cause of these 

disparities to support the development of more equitable communities. 

The hot spot analysis for Theme 4 reflects the effectiveness of long-term policy changes and 

infrastructure development on vulnerability levels (Figure 4.13). 
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Figure 4.13 Hot Spot Analysis ï Theme 4 (2000-2020). This hot spot analysis reveals an interesting 

pattern, or lack thereof, in terms of the analysis of factors related to Theme 4. The results indicate that 

there is not enough spatial autocorrelation of the data with the thresholds set, resulting in random 

distribution instead of clustering. 

In 2000, the hot spot concentrations for Theme 4 were scattered between a north-central zone and a 

region near the southern tip of the study area. These variation in confidence levels highlights certain 

census tracts that are more vulnerable to housing and transportation issues, possibly a result of unequal 

investment in infrastructure development across New Orleans. These hot spots have a notable reduction to 

a singular census tract near the southern tip of the city by 2010. This could be due to overall 

improvements in the economy or other infrastructural changes that occurred in the intermediate years. 

Both 2016 and 2020 show an absence of hot and cold spots altogether. It could suggest that 

communities subjected to heightened levels of vulnerability in this theme have diffused, thus escaping 

detection in a hot spot analysis. Future studies should conduct targeted investigation at a finer spatial 

resolution that could address the micro-dynamics of vulnerability.  

The Overall Theme hot spot analysis reveals a pattern of increasing vulnerability through time 

(Figure 4.14). 
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Figure 4.14 Hot Spot Analysis ï Overall (2000-2020). This series of maps illustrates hot spots of 

social vulnerability in the overall SVI theme, capturing various aspects of Themes 1-4 in a comprehensive 

category. 

The hot spots in the year 2000, while moderate in geographic spread, are concentrated with varying 

degrees of confidence. This reveals areas of concern primarily in the north-central region and near the 

southern tip of the city. The lack of cold spots could represent pockets of vulnerable communities that do 

not have distinct patterns of concentration. These hot spots became slightly more pronounced in 2010. 

While the extent of the north-central hot spot is generally stable in this period, a new hot spot formed in 

the same region at a confidence level of 95%. No cold spots formed during this interval. 

In the year 2016, the previously disjointed hot spots in the north-central region merged into a single 

area of 95-99% confidence. This could indicate that overall vulnerability levels have intensified in this 

zone. The hot spot near the southern tip and the absence of cold spots remained unchanged from 2010. 

2020 results demonstrate no change in the extent of the hot spots with marginal shifts in confidence 

levels. The two cold spots developed in the southwestern part of the study area could be due to 

improvements in resilience-building, though areas of higher vulnerability are still prominent. 



 

71 

The Overall Theme SVI hot spot analysis shows a significant centralization and intensification of 

vulnerability in New Orleans over a two-decade span, with the north-central and southern regions 

consistently appearing as hot spots. The formation of cold spots in 2020 shows that there is a disparity in 

social vulnerability between different communities. 

4.3.2 SVI Change Detection 

The results of the initial descriptive statistics are summarized in Table 4.7. 

Table 4.7 A brief statistical analysis was carried out on preliminary observations of SVI data. The 

mean, median, interquartile range, and standard deviation of the entire population are quantified and 

recorded for each year of available SVI data. The themes are listed in the left column of the table. 

 2000 2010 2016 2020 

 MEAN MED MEAN MED MEAN MED MEAN MED 

Theme 1 0.58448 0.66100 0.55611 0.59885 0.54343 0.61240 0.59675 0.66890 

Theme 2 0.54234 0.58122 0.43353 0.39214 0.36312 0.36312 0.39520 0.34762 

Theme 3 0.65674 0.71596 0.56879 0.53641 0.62764 0.69966 0.68532 0.80828 

Theme 4 0.51946 0.55495 0.48338 0.45500 0.45218 0.45477 0.45965 0.47429 

Overall 0.59993 0.66100 0.52472 0.56275 0.49274 0.51381 0.52492 0.52492 

 IQR STDEV IQR STDEV IQR STDEV IQR STDEV 

Theme 1 0.53850 0.31552 0.59435 0.31534 0.60175 0.32887 0.57423 0.31109 

Theme 2 0.67980 0.33997 0.70464 0.35201 0.55565 0.31926 0.57494 0.30466 

Theme 3 0.41831 0.27139 0.51692 0.30001 0.47009 0.29081 0.47874 0.29846 

Theme 4 0.54042 0.29779 0.55800 0.30819 0.52437 0.29199 0.48583 0.28048 

Overall 0.52950 0.29754 0.56262 0.31378 0.60887 0.32059 0.56463 0.30446 

 

Upon executing the Lilliefors test using MATLAB, every theme in each year except for Theme 4 in 

2020 exhibited very low p-values (Table 4.8). This indicates that the test statistics were in the critical 

region for each group, suggesting a rejection of the null hypothesis of normality at conventional levels of 

significance. Since this violates the assumption of a classic ANOVA, the Kruskal-Wallis test was selected 

to evaluate the significance of temporal changes in SVI. 

Table 4.8 Lilliefors tests results, summarizing the p-values that were obtained through this analysis. 

SVI 

Theme 
2000 2010 2016 2020 

Theme 1 0.001 0.001 0.001 108.7235 

Theme 2 0.001 0.001 0.001 0.001 

Theme 3 0.001 0.001 0.001 0.001 

Theme 4 0.001 0.0087425 0.005724 0.026706 

Overall 0.001 0.001 0.001 0.0018459 
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The MATLAB code ókruskallwallisô function was used for this purpose (Kruskal-Wallis Test 

- MATLAB, https://www.mathworks.com/help/stats/kruskalwallis.html, accessed on March 4, 2024). The 

SVI data matrix is the input for this function, where each column represents a yearôs data and each row 

corresponds to a unique census tract in the study area. The significance level was set to 0.05 for 

determining the presence of statistically significant differences (Sullivan, 2024.). 

Post hoc analyses employing the Bonferroni correction method revealed nuanced insights across 

different SVI themes and years (Table 4.9). For the SVI scores associated with socioeconomic status 

(Theme 1) and housing & transportation (Theme 4), no significant differences were detected, indicating a 

consistent level of social vulnerability factors specific to these themes over the years studied. It could be 

interpreted that social vulnerability did not undergo dramatic changes or that different factors influencing 

social vulnerability may have balanced each other out, resulting in no net change. 

Table 4.9 Post Hoc Test Results (Bonferroni Corrected). This table records the output of the 

Bonferroni post hoc method of evaluating each SVI theme for statistical differences. 

THEME 1  

No significant differences detected, no need for post hoc tests. 

THEME 2  

2000 2010 9.9695 67.2551 0.0117 

2000 2016 51.1129 108.5666 0.0000 

2000 2020 26.6964 83.5761 0.0006 

2010 2016 -16.6215 41.3115 0.3596 

2010 2020 -41.0428 16.3210 1.0000 

2016 2020 16.3210 -24.9906 1.0000 

THEME 3  

2000 2010 -7.3324 50.0338 0.1283 

2000 2016 -41.9974 15.4525 1.0000 

2000 2020 -86.3051 -29.3454 1.0000 

2010 2016 -92.5120 -34.5813 0.6917 

2010 2020 -136.8238 -79.3793 0.0016 

2016 2020 -102.3261 -44.7980 0.2396 

THEME 4  

No significant differences detected, no need for post hoc tests. 

OVERALL  

2000 2010 -8.6358 48.4977 0.1507 

2000 2016 12.7508 69.8843 0.0075 

2000 2020 -6.4841 50.0737 0.1170 

2010 2016 -36.4707 21.3866 1.0000 

2010 2020 -55.7129 1.5760 1.0000 

2010 2020 -77.0995 -19.8107 1.0000 

 

In contrast, the SVI values for the household characteristics theme (Theme 2) have p-values that 

indicate a strong statistical significance. This implies a notable change in Theme 2 over the two-decade 
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span. However, the intervals between 2010 ï 2016 and 2010 - 2020 did not demonstrate significant shifts, 

suggesting that those time periods had stable SVI scores in this theme. The comparison between 2016 and 

2020 shows a p-value of 1, indicating no significant change in SVI for Theme 2 during that timeframe. 

The post hoc test results for the factors related to racial and ethnic minority status (which Theme 3 

represents) indicate that there are some statistically significant shifts between 2010 and 2020, which have 

a p-value of 0.0016. This could imply that factors represented by Theme 3 have undergone considerable 

changes in the study area over this decade. In contrast, the intervals 2000 ï 2010, 2000 ï 2016, and 2016 

ï 2020 show that p-values that are not statistically significant, implying that the SVI values for Theme 3 

remained relatively stable. 

For the Overall SVI theme, the results show that there is a statistically significant change in SVI from 

the year 2000 to 2016 (p-value = 0.0075), indicating that the level of social vulnerability has varied 

considerably over this 16-year period. The comparisons between the years 2000 ï 2010, 2000 ï 2020, 

2010 ï 2016, and 2010 ï 2020 all indicate that there is no statistically significant difference in SVI 

between these years. 

The SVI analysis for the overall mean percentile ranks further supported these findings, showing a 

significant change between 2000 and 2016, but not in other time intervals. This suggests a notable change 

in overall social vulnerability within the sixteen-year span, while the other year-to-year comparisons 

remained relatively stable. 

These findings are crucial as they highlight the evolving nature of social vulnerability within the 

region and suggest a temporal pattern that warrants further investigation to understand the underlying 

factors contributing to these changes. The evidence of significant changes in certain intervals, especially 

for Theme 2 and the Overall Theme between 2000 and 2016, suggests that there may have been key 

drivers or events that influenced social vulnerability. Future research should delve into the causal factors 

that contributed to the observed shifts and the potential implications for policy and practice in 

vulnerability reduction. 

The SVI Value Distribution by Year plots for Themes 1 through 4 and Overall (Figure 4.15) provide 

a visual representation of the central tendency and dispersion of SVI scores across the different study 

years. Each boxplot captures the range of SVI values within a year for a specific theme, with the central 

line indicating the median value. The absence of significant outliers suggests a homogeneous spread of 

SVI values within each year, although the slight variation in median values and interquartile ranges 

through the years may indicate shifts in social vulnerability dynamics. 
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Figure 4.15 SVI Value Distribution by Year (2000-2020). This series of box plots draws comparisons 

on the SVI distribution of each year in each of the SVI themes, highlighting shifts in their respective 

influencing factors. 
































































