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Abstract 

In the last few decades, vegetation deterioration is receiving increased attention because of its 

adverse impacts on societal and human health, environmental sustainability, and quality of life. I 

have selected two cities in Chihuahua Desert region (El Paso and Juarez) as case study sites to 

develop a novel and applicable methodology for integrating remotely sensed data of different 

spectral and spatial resolutions into an analysis of the spatial distribution of an urban amenity. 

The primary objective of this research is to determine if the spatial distribution of greenspace in 

2010 is equitable with respect to socio-demographics in El Paso and in Juarez and to understand 

why the results for the two studied cities may be similar or different. To provide contextual 

background for this objective, the following two sub-objectives have been identified to 

characterize greenspace in the study area: assess vegetation change over a thirty year period from 

1984 to 2010 to provide insight into how the distribution of vegetation may change in the future, 

and examine the relationship between Land Surface Temperature (LST) and Normalized 

Difference Vegetation Index (NDVI) in the study area during the year 2010.  Geographic 

Information System (GIS), remote sensing (RS), and spatial regression methods were used as 

tools to achieve objectives of this study.  The results for the main objective indicates that in El 

Paso there are not serious inequities related to socially vulnerable groups having less access to 

green space; the only serious inequity is the lack of greenspace in high density urban 

neighborhoods. In Juarez, the association between neighborhoods with more renters and less 

greenspace conforms to a traditional pattern of inequity.  Results also show El Paso recorded 

larger increases in vegetation between the years 1984 and 2010, while Juarez witnessed a small 

increase in vegetation between 1984 and 2000, and it underwent a decline in vegetation from the 
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period of 2000 to 2010.  Lower levels of vegetation coverage in the study area were also 

associated with higher land surface temperatures, and vice versa.  

Generally, this dissertation cast lights on an important issue in understanding the inequity 

distribution of greenspace between socio-demographic groups. Mixed quantitative 

methodologies (correlation, descriptive, and regression) were used in order to address this issue. 

The outcomes and methods used in this dissertation will be a beneficial reference for close 

investigation of the distribution of greenspace in El Paso and Juarez in the future.    
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Chapter 1: Introduction 

1.1 Background: 
 

Urbanization is one of the most important aspects of global change. Population growth 

and migration from rural to urban areas have been recognized as two main factors contributing to 

rapid urban growth. Urban growth is occurring at an unprecedented rate worldwide with 65% of 

the population expected to reside in urban areas by 2025 (Zhou et al. 2011). Over 30% of the 

world's populations live in arid and semiarid regions and it is expected that the percentage and 

total numbers of individuals in these dry areas will increase (Koerner et al. 2002). Urbanization 

may improve our lives, but it also introduces many other problems, such as global warming, 

industrial waste, air pollution and loss of native vegetation.  

In terms of vegetation, urbanization transforms vegetation patterns and ecosystem 

processes. The presence of buildings, roads, parking lots, and other paved surfaces, in place of 

vegetation, can affect local weather and climate significantly. Most of the environmental impacts 

of urbanization studied to date are associated with the loss of greenspace. The loss or degradation 

of greenspace may deprive creatures of their habitats, reduce biodiversity, and disrupt the 

structure and process of the urban ecosystem (Tzoulas and James 2004).  In semi-arid and arid 

regions, several studies showed that the urbanization process often increases vegetation (UGEC 

2010; Nowak et al. 2012; Kim 2010; Al-Gaadi 2011). 

 Urban green spaces (UGS) are an integral part of any urban area and their importance is 

very well known for maintaining environmental quality and sustainability. At the neighborhood 

level, the availability of greenspaces improves environmental quality, reduces stress, enhances 

feeling of social safety (Groenewegen et al. 2006; Maas et al. 2009; Troy and Grove 2008), 

improves physical and mental health (Massa et al. 2006; Mitchell et al. 2008; Baker et al. 2002, Patz 
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et al. 2005, Grimmond 2007), and reduces the health risks from extreme heat (Jenerette et al., 

2011). Because of increasing urbanization, more people face the prospect of living in residential 

environments with fewer green resources, especially people from low socioeconomic groups. 

Maas et al. (2006) investigated the strength of the relation between the amount of greenspace in 

people’s living environments and their perceived general health. The relation was analyzed 

separately for different socioeconomic groups and different age groups. The result showed that 

the health of people in all age groups benefits significantly from greenspace. 

 Vegetation also has a strong cooling influence on land surface temperature. This makes 

it an important amenity in arid environments.  The use of greening as a strategy to moderate the 

urban heat island (UHI) and improve the urban microclimate has been widely emphasized (Taha 

et al. 1997; Ng 2009). For the arid and semi-arid regions, the best uses of vegetation should take 

advantage of its shading aspect to reduce the intense solar radiation in the summer as the 

overheating is mainly due to the heat storage by the sunlit surfaces. Unless regular irrigation is 

supplied, the evapotranspiration is often weak owing to the lack of water in the soil.  Therefore, 

sparse vegetation, well mixed within the urban structure to produce sufficient shade, is 

recommended in hot and dry climates (Fahmy et al. 2010).  While the benefits of greenspace are 

clear, to date, it is unknown if green environments are equitably distributed in arid cities like El 

Paso and Juarez. 

Previous studies would suggest that inequitable distribution of greenspace is likely to 

result in an uneven geography of environmental advantage (e.g., parks) and disadvantage (e.g., 

hazardous waste disposal sites), leading to an unequal distribution of social benefits and burdens 

across people and places (Landry and Chakraborty 2009). In order to determine if principles of 

environmental equity have been violated, quantitative case studies have typically focused on 
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testing the environmental equity hypothesis, that is, whether all demographic or socioeconomic 

groups in a particular study area are equally affected by the existing spatial distribution of 

environmental amenities (Cutter 1995). In my research, I investigated socio-demographic 

inequalities in greenspace distribution between and among two cities: El Paso and Juarez. 

Urban environment research in arid and semi-arid cities, as I conducted here, is essential 

because the population growth in desert cities continues to explode. Urban planners and 

government officers need to consider how to manage the urban environment in desert cities to 

advance sustainable cities and improve the quality of life for people. Extensive research on urban 

open spaces shows that there are environmental, social, and economic benefits of greenspaces 

(Tyrväinen 1997, Groenewegen et al. 2006, James et al. 2009). Nevertheless, most of these 

studies are based in humid cities where greenspaces are dense vegetation.  With its focus on an 

arid study area, results of this study will be relevant to arid regions where vegetation is sparse 

and limited. The main goal of my dissertation is to build a comprehensive framework for 

analyzing urban greenspace inequities in an arid region, taking the urbanized region of El Paso 

and Juarez as a case study. 

1.2     Contribution 

 

While the uneven geography of environmental disamenities has received considerable 

attention in environmental justice research, few studies have examined the concern of equity 

within the context of urban greenspaces (Heynen 2006; Heynen et al. 2006; Pedlowski et al. 

2002; Perkins et al. 2004) and no published study has specifically focused on assessing 

distributional equity for greenspace in arid and semi-arid regions. The study addressed this gap 
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in the literature by evaluating the environmental equity implications of greenspace in two cities: 

El Paso and Juarez.   

1.3    Research questions 

 

The following are the three sets of research questions that I have addressed in this 

dissertation. The first set of questions provided contextual background to my focus on equity by 

providing insight into how the distribution of vegetation has changed through time and by 

quantifying the relationship between land surface temperature and vegetation.  The second set of 

questions (the main focus of this dissertation) focused specifically on the equity dimensions in 

the distribution of greenspace.  

1.3.1 Characterizing greenspace in the study area through time  

 

 How has the quantity of vegetation changed between 1984-2010 in El Paso and Juarez?   

 What is the relationship between land surface temperature and vegetation in the study 

area during the year 2010?  

1.3.2 Assessing the equity implications of greenspace distribution 

 

 What is the relative significance of socio-demographic characteristics in predicting the 

distribution of greenspace in El Paso and Juarez in 2010?  

1.4   Literature Review 

1.4.1 Distribution of greenspace in urbanizing regions 

 

This section focuses on providing context for my analysis of greenspace change 

(Research Question 1-a).  Increasing population and the migration of people from rural to urban 

areas are considered two main factors that contribute to rapid urban growth. This phenomenon 
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has caused many impacts on the environment and become a critical issue in global change 

research (NRC 2001). In most non-arid regions, urbanization has decreased vegetation cover and 

transformed the natural landscape to built up areas, resulting in a decrease in greenspace in cities 

and thus fewer benefits for their residents (Kim 2011).  In contrast, a few studies have shown 

that tree cover and grassland in some arid environments have increased due to urbanization 

process (Al-Gaadi 2011; John et al. 2009; Nowak et al. 2012; Kim 2010). Al-Gaadi (2011) 

assessed the temporal land cover and vegetation changes from 1990 to 2006 in a desert region of 

Saudi Arabia. Landsat TM and ETM+ images were used for generating NDVI, and GIS was 

employed to detect the land cover and vegetation changes. He concluded that the mean NDVI 

values of the study area increased from 0.09 in 1990 to 0.46 in 2006.  John et al. (2009) 

investigated changes in vegetation cover between 1992 and 2004 in semi-arid Inner Mongolia. 

The results demonstrated that grassland and cropland (greenspaces) have increased 

proportionally during the study period.  

In recent decades,  major efforts have been made to study and monitor land cover change 

based on remotely sensed Landsat images (Han et al. 2004; Wang et al. 2004; Coop et al. 2009; 

Avelar et al. 2009; Chen et al. 2009; Bagan et al. 2010; Mustapha et al. 2010; Peijun et al. 2010). 

Most of these methods involve the use of modern techniques such as remote sensing (RS), 

geographic information systems (GIS), and change detection to determine the changes in green 

space between two or more time periods. Peijun et al. (2010) investigated changes in land cover 

in non-arid environment, and they concluded that built-up land areas in Xuzhou, China between 

1987 to 2007 have increased, while farmland has seen a continuous loss due to urbanization. By 

using NDVI to measure changes in vegetation, the study demonstrated that the areas of 

vegetation cover have been in a continuous decline over time. Zadeh (2006) compared three 
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change detection techniques for green space with Landsat TM and ETM+ imageries of Tabriz, 

Iran. He concluded that 866 hectares of greenspace had been lost during the period 1989 to 2001. 

In addition, Digirolamo (2006) used Landsat 5 Thematic Mapper (1991) and Landsat 7 ETM+ 

(2000) imagery of Gwinnett County, Georgia to detect land cover change using the NDVI. After 

conducting an analysis of vegetation changes from 1991- 2000, they found that the change 

detection technique was useful and worked well  for detecting changes in vegetation and/or 

vegetative characteristics but it did not always work as well for assessing changes in land use. 

The study area lost approximately 13,500 hectares of vegetation cover during the study period to 

urban sprawl, with the majority of the loss coming from forested areas. 

A few studies have also conducted the statistical test by Analysis Of Variance (ANOVA) 

to statistically quantify changes in vegetation, as measured using NDVI.  For example, Kadmon 

et al. (1999) analyzed the mean difference in tree cover between two time periods 1960 and 1992 

in Israel using repeated measures ANOVA. They concluded that the mean tree cover of the study 

area increased from 13% in 1960 to 35% in 1992. Their results point to a significant increase in 

the percentage cover of trees in the study area between two time periods (P< 0.001). However, 

with rapid changes in land-cover occurring over many arid regions, remote sensing and change 

detection techniques are essential tools in monitoring changes in vegetation.  

1.4.2 The link between vegetation cover and land surface temperature (LST) 

 

This section focuses on providing context for my descriptive analysis of the relationship 

between NDVI and LST (Research Question 1-b). It is well known that vegetation has cooling 

effects on urban land surface temperature. Greenspace provides a natural environment for urban 

residents (Taylor et al. 1995) and contributes to the stabilization of the urban climate (DTLR 
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2002; DCAUL 2003). It also enhances the urban biodiversity, reduces air pollution, and 

decreases urban air and land surface temperature (Miller 1997). The cooling effect of greenspace 

on land surface temperature helps make cities more comfortable places for people. Daytime air 

temperatures have been found to be approximately two to three degrees lower in urban green 

spaces than in the adjacent areas (DTLR 2002).  In addition, greenspaces block solar radiation 

directly by providing shade and indirectly by covering surfaces that absorb solar energy (Dong et 

al. 2005). Thus, greenspace represents an important amenity in urban environments, making an 

analysis of environmental equity particularly relevant.  

Many studies have focused on how urban temperatures are affected by vegetation and 

impervious surface cover using GIS and Remote Sensing techniques. Most of these studies have 

found that vegetated areas tend to have lower surface temperatures. For instance, Yuan et al. 

(2007) investigated the relationships between the land surface temperature (LST), percent 

impervious surface area, and NDVI. They used satellite data from Landsat 5 TM and Landsat 7 

ETM+ to estimate the LST from four different seasons for the Twin Cities, Minnesota in 2002. 

The results showed there is a strong linear relationship between LST and percent impervious 

surface for all seasons, whereas the relationship between LST and NDVI is weaker and varies by 

season.  

Several studies have conducted correlational analysis relating LST to NDVI, as I plan to 

do here.  For instance, Sun and Kafatos (2007) presented a comprehensive evaluation of the 

relationship between vegetation and Land Surface Temperature (LST) over North America. They 

found that the season-of-year plays important role in the correlation between LST and NDVI. 

The correlation between NDVI and LST during winter is positive. For warm seasons, the 

correlation between LST and NDVI is strongly negative.  Kim et al. (2005) analyzed the 
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relationship between LST and NDVI for the Kunsan city, South Korea using a correlation 

analysis model.  The result corresponds to the conventional relationship that there is negative 

correlation between LST and NDVI. Ping et al. (2006) used the TM images of Hangzhou to 

study the land surface temperature (LST), the results reveal that there was a clear correlation 

(corr. = -0.88_ between the LST and vegetation cover (measured using NDVI). Zhangyan et al. 

(2006) used TM data from Beijing to study the relationship between NDVI and LST, the results 

show a similar correlation coefficient (-0.82).  Furthermore, Ozelkan et al. (2011) measured the 

relationship between LST and NDVI by using correlation analysis in semi-arid areas of Muğla, 

Turkey, and they found a negative correlation observed between LST and NDVI during a twenty 

six-year period.  

Vegetation can significantly influence the urban environment through reducing 

temperature, improving air pollution, and preserving biodiversity in cities. Several studies 

showed that more greenspace in urban areas is positively related to mitigating the urban heat 

island effect (e.g., Ca, Asaeda, and Abu 1998; Oh and Hong 2005), which improves the quality 

of life for urban residents.  This makes it an important consideration from an equity perspective. 

 1.4.3 Equity implications of greenspace distribution 

 

This section focuses on reviewing the literature on environmental equity and greenspace, 

the primary focus of my dissertation (Research Question 2).  In many studies, the terms of 

environmental justice and environmental equity have been used to convey the same general 

concept, which refers to the equal distribution of environmental hazards, such as pollution and 

contamination, across all social groups, as well as equitable policies and processes to reduce 

differences in those who endure environmental problems (ESA 2012). Environmental justice and 
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environmental equity are also defined by the fact that all people, regardless of race or 

socioeconomic status, are entitled to equal protection under environmental laws and to 

participate in environmental decision making in their community (Bullard 1996; EPA 2003). 

While some scholars use the terms environmental equity and environmental justice 

interchangeably, there is a distinction between the two terms. Environmental equity refers to an 

equal amount of sharing of risk burdens, and not necessarily a reduction in the burdens 

themselves (Lavelle, 1994).In addition, Cutter (1995) defined Environmental Justice as "equal 

access to a clean environment and equal protection from possible environmental harm 

irrespective of race, income, class or any other differentiating feature of socio-economic status" 

(p. 111-122). Thus EJ is concerned not only with the distribution of environmental advantages 

and disadvantages amongst minority groups, but also how those distributions have been 

developed, and what the best approach is to address them (Greenberg 1993; Kasperson 1994). 

Such issues are the difference between environmental equity and environmental justice.  

Generally, all of these terms help define the interrelationships between local demographic 

groups and the factors which have, or potentially could, influence the environment they live in 

like the quality of their air, greenspace, water, and land.  McDermott et al. (2011) has identified 

three major types of equity related to environmental inequity/injustice: 

1. Distributional equity studies the results of the allocation of costs, risks and benefits 

among affected groups of people because of environmental policy or resource 

management decisions.  

2.  Procedural equity refers to equality in the political processes that allocate resources and 

resolve problems. This involves representation, recognition and inclusion, and 

participation in decision-making. Procedural justice affects behavior; specifically it may 
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affect dispute behavior, decision compliance, task performance, and other aspects of 

behavior. 

3. Contextual equity looks at the pre-existing conditions under which people engage in 

procedures and benefit distributions. This source links together the other two dimensions 

discussed above.  

This study focuses primarily on distributional equities with regards to greenspace and 

socio-demographic characteristics.  The majority of studies have found statistical evidence of 

environmental inequity with regards to race, ethnicity and class but some have not (Landry and 

Chakraborty 2009; Mohai and Bryant 1992; Anderton et al. 1994; Bowen et al. 1995; Fuller and 

Gatrell 2009; Atlas 2002). The majority of these studies have focused on the locations of 

hazardous facilities as a proxy for environmental risks. However, there is increasing recognition 

that enhancing green, public open spaces in cities provides a strategy to make those cities more 

sustainable, more livable, and more equitable. Urban greenspaces have important amenity values 

that are often spatially heterogeneous within urban areas (Cadenasso et al. 2007; Goetz et al. 

2003; Grove et al. 2006). Although few studies have examined the spatial distribution of 

greenspaces from the theoretical perspective of environmental equity (see Heynen et al. 2006; 

Jensen et al. 2004; Pedlowski et al. 2002; Perkins et al. 2004), some studies have demonstrated 

that there is an uneven geographical relationship between the existing distribution of greenspace 

and socio-demographic characteristics.  

Shifting focus to urban greenspace, a number of scholars found a positive relationship 

between higher median household income and more vegetation cover (Grove 1996; Heynen 

2006; Heynen and Lindsey 2003; Pedlowski et al. 2002; Talarchek 1990), and vegetation 

diversity (Martin et al. 2004). These results seem to support the inequity hypothesis by 
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suggesting that low-income neighborhoods have less access from the existing distribution of this 

amenity. From the perspective of political ecology studies, some have argued that the unequal 

distribution of urban greenspace is associated with income levels and unequal power relations 

(Heynen 2006; Heynen et al. 2006; Pedlowski et al. 2002; Perkins et al. 2004).  

Several studies have shown inequalities in the spatial distribution of greenspace for 

racial/ethnic minorities and low-income groups (Boone et al. 2009; Talen 1997; Wolch et al. 

2005; Matthew et al. 2010; Comber et al. 2008; Lindsey et al. 2001). Dajun (2011) evaluated the 

socioeconomic disparities in greenspace access in Atlanta, Georgia, and concluded that the 

spatial accessibility to greenspaces was not evenly distributed.  Neighborhoods with a higher 

concentration of African Americans had significantly poorer access to greenspaces. Welch et al. 

(2005) found that low-income and concentrated poverty areas, as well as neighborhoods of color, 

lacked access to parks as compared to white-dominated areas in the city of Los Angeles. Kerns 

and Watters (2012) found that percent of trees in Minnesota decreased with the rising of percent 

with no high school degree. Talen (1997) found low access to parks corresponding with low 

housing values and high percentages of Hispanics in Pueblo, Colorado. Other work by Comber et 

al. (2008) used network analysis in GIS to analyze greenspace accessibility for different ethnic 

and religious groups in Leicester City, UK. They concluded that Indian, Hindu and Sikh groups 

have limited access to greenspace in the city. 

Previous studies have indicated a larger extent of tree cover in neighborhoods with a 

higher percentage of owner-occupied housing (Heynen et al, 2006; Perkins et al, 2004). These 

authors argue that home owners have a greater financial incentive to invest in environmental 

amenities on their property than renters. First, renters may also be less willing to invest in tree 

planting adjacent to their residence. Second, the greater financial incentives may drive 
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homeowners to exert more political pressure than renters to promote public sector investment 

within their neighborhoods (Heynen et al, 2006; Perkins et al, 2004). 

Other studies have found the opposite, with socially advantaged residents lacking access 

to greenspace (e.g., Tarrant and Cordell 1999).  For example, lower park access was found in 

areas with high-income white residents in Macon, Georgia (Talen 1997). In addition, Nicholls 

(2001) examined access to public parks in Bryan, Texas and Lindsey et al. (2001) examined 

urban greenways in Indianapolis, Indiana; the results of both studies show that minorities and 

low-income groups were not systematically disadvantaged in terms of access to these features.  

Heather (2011) used Geographic Information System (GIS) and census data to examine access to 

urban amenities in east Tampa, Florida. The results indicate that low income and elderly groups 

were found to have greater inequalities in the distribution of greenspace, while owner occupied 

groups have more greenspace. 

Spatial statistical analysis can be used to test the inequity hypothesis related to 

environmental injustice using data that were created with remote sensing and GIS.  For example, 

McDonald and Grineski (2011) ran spatial regression models using the open source software 

GeoDa to predict lack of plumbing in El Paso and Juarez. Landry and Chakraborty (2009) used 

multi-variate spatial regression models to analyze the percentage of tree cover on residential 

public areas in the city of Tampa, Florida as a function of the explanatory variables at the block 

group level.  They calculated two separate dependent variables for each block group: the 

percentage of tree cover within all public right-of-way (AROWs); and the percentage of tree 

cover within public right-of-way ROWs bordering residential parcels (RROWs). The results 

show that higher median household income was the strongest predictor of higher tree cover on 

both residential public right-of-way (RROWs) and all public right-of-way (AROWs), while 
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lower proportion of tree cover on public right-of-way in neighborhoods containing a higher 

proportion of low-income residents and renters.  

While Landry and Chakraborty (2009) used street tree cover as their greenspace variable, 

others have used NDVI, as I plan to do here. Fuller and Gatrell (2009) also used NDVI and a 

GIS approach to assess the relationship between environmental risk, environmental amenities 

and socioeconomic variables in Vigo County, Indiana. They examined the relationship between 

socioeconomic conditions and environmental data using weighted least squares regression. The 

results indicated a very weak relationship between median household income and environmental 

disamenities. Thus, the limitation of this work was that they did not use spatial regression as 

Landry and Chakraborty (2009) did; therefore, my contribution through this study will use NDVI 

and spatial regression to analyze the equity distribution of greenspace in the study area. In 

addition, the majority of studies presented here have focused on race and income, while such 

variables are not available in Juarez.  Therefore, this study will focus on other variables such as 

age and home ownership, population density, female-headed households and mean level of 

education. 

Most equity studies in urban greenspace have been conducted in humid cities where open 

spaces are green with dense vegetation (Talen 1997; Tarrant and Cordell 1999; Lindsey et al. 

2001; Comber et al. 2008). However, greenspaces in arid and semi-arid cities are different from 

humid city spaces. In arid and semi-arid regions, the main difference is arid city open spaces 

have a wide range of greenness which range from native desert with sparse vegetation to 

irrigated landscapes with dense vegetation (Kim and Wentz 2010). The majority of natural arid 

open spaces are composed of shrubs with a small number of trees and little or no turf. This study 

is mainly relevant in an arid region where vegetation is rare and limited. This kind of study is 
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important because there has been relatively little work published on urban green space inequities 

in arid regions within the broader urban studies literature. Because existing research is limited, 

there is a need to examine urban greenspace-inequity critically in the arid region of El Paso and 

Juarez. 

1.5      Study context: El Paso and Juarez 
 

This section focuses on providing background information on the study area, which 

relates to the comparative aspect of my research design (Research Question 3).  The sister cities 

of El Paso and Ciudad Juarez are located in the Rio Grande/Bravo basin in the Chihuahua 

Desert, and are known as a bi-national metropolitan area on the border between Mexico and the 

United States (Fig. 1 provides a contextual perspective on the study area).  Both share a common 

geographical location, natural resources, and a host of environmental problems, including 

drought, groundwater depletion, water pollution and air pollution (Liverman, Varady, Chavez, & 

Sanchez, 1999). These twin cities share air- and water-sheds and other biophysical features that 

unite them environmentally (Heyman, 2007). In 2010, El Paso County had an estimated 

population of 800,647 while Juarez has about 1,332,131 inhabitants (McDonald and Grineski 

2011). Between 1970 and 2009, the population of El Paso County grew by about 108 percent 

from just over 360,000 to 751,500. During this time Texas experienced a population increase of 

over 117 percent, while the U.S. population grew by about 48 percent.  Juarez’s population 

growth has been more pointed, growing over 230 percent between 1970 and 2009, and also 

outpacing the growth of Mexico (109 percent) by double (Cambridge Systematics, Inc, 2010). 
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Figure 1.1 The Ciudad Juarez and El Paso County study area at the U.S.-Mexico border 

Juarez has a reputation for being a relatively high-wage Mexican city, but an unpublished 

study conducted by El Colegio de la Frontera Norte in 2006 found that the median annual 

household income for Juarez was $9,890, while the statistic for Mexico was $11,460 (pesos 
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converted to 2007 US $) (Grineski and Collins 2010). El Paso County is a majority-minority 

context, with 82% of residents being Hispanic, and it has a median income of $36,333 (based on 

2006-2010 estimates), which is well below the U.S. national average (US Census Bureau 2012).  

El Paso, although relatively poor in comparison with other cities in the United States, is 

significantly better off by any standard used to measure levels of socioeconomic development 

than its neighbor to the south (Bath 1982). Within Juarez, more wealthy residents concentrate in 

the city center where access to urban infrastructure (e.g., sewage, paved roads) is better, while 

the poor tend to inhabit self-constructed residences on the urban fringe. In El Paso, lower-income 

residents typically dwell in the core and the wealthier are able to live away from the city center 

due to well-developed transportation infrastructure (Grineski and Collins 2010). Thus, such 

concentrations of people in two cities will likely shape differences in the distribution of 

greenspace between the two cities. 

Several recent environmental justice (EJ) studies have been comparative between the 

twin cities of El Paso and Ciudad Juarez (Grineski et al. 2012; Grineski and Collins 2010; 

Collins et al. 2009; McDonald and Grineski 2011; Bath 1982). According to Grineski et al. 

(2012), who compared climate change-related variables in the two cities of El Paso and Ciudad 

Juarez, Juarez will likely face increased hazard exposure and increasing social marginality as 

compared to El Paso because it is a more densely settled city, which shapes the urban heat island, 

than is El Paso. Juarez has recently been experiencing the effects of a worldwide economic 

recession and a wave of drug-related violence, making it less stable than El Paso (Grineski et al. 

2011). McDonald and Grineski (2011) have compared the relative risk between El Paso and 

Juarez for living in a neighborhood that lacked plumbing. In terms of similarities, there were two 

social variables that demonstrated similar patterns across the cities: (1) mean level of education 
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and (2) proportion under 5 years of age. In terms of differences, there were three variables that 

demonstrated divergent patterns between the two cities: (1) population density, (2) female-

headed households, and (3) proportion renter. Furthermore, Grineski and Collins (2010) explored 

residential patterns of environmental injustice related to industrial hazards in the El Paso and 

Juarez metropolis, taking a comparative approach. The results indicated that the patterns of 

exposure to industrial hazards diverged between the two cities.  
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Chapter 2: Data and Methods 

2.1 Data Sources  

 

The data for this study were collected from various governmental agency databases (USGS 

and the 2010 US and Mexican Census).  The types of data used in this study are listed below: 

1. Landsat Thematic Mapper (TM) images every 10 years from 1984 to 2010 were used to 

generate NDVI values (for evaluating greenspace). For 2010, Landsat images were used 

to generate NDVI values (for evaluating the environmental equity and greenspace), and 

generate land surface temperature data (for evaluate the relationship between land surface 

temperature and NDVI).  

2. 2010 Census and American Community Survey (ACS) (2006-2010) data for El Paso 

neighborhoods and 2010 Mexican census data from the Instituto Nacional de Estadística 

y Geografia (INEGI) for Juarez neighborhoods were used to characterize the socio-

demographics of study area neighborhoods for use in the equity analysis.  The six 

independent variables utilized, to be described below, were: (1) total population density; 

(2) proportion owner-occupied; (3) proportion 0-4 years old; (4) proportion 65 years old 

and older; (5) proportion female-headed households; and (6) mean level of education.  In 

El Paso, all variables came from the 2010 census except for mean level of education 

which came from the ACS. 
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Table 2.1.  Information about data used 

Variable Year Original Scale/ 

Resolution 

Source Research question (Q) data 

was used in 

 

 

 

 

 

 1. NDVI 

    

1984 30 m USGS Landsat 

TM 

Related to research Q1-a 

1990 30 m USGS  Landsat 

TM 

Related to research Q1-a 

2000 30 m USGS   Landsat 

TM 

Relate to research Q1-a 

2010 30 m USGS   Landsat 

TM 

Relate to research Q1-a,   

Q1-b, and Q2 

2. Land surface 

temperature                                        

2010 30 m Landsat TM 

And ETM+ 

Related to research Q1-b  

3. Socio-

demographics                        

2010 Block groups (US) 

and Areas 

Geoestadisticas 

Básicas  (Mexico) 

2010 Census 

(US and 

Mexico); ACS 

2006-2010 (US) 

Related to research Q2 

 

2.2      Data Details 

 

Several types of software were employed in the present study. ENVI (Environmental 

Visualization) version 4.8 was used for image processing, and ArcGIS was employed for 

producing vegetation change maps. GeoDa, Microsoft Excel and SPSS were also used for 

statistical analysis. 
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2.2.1 Unit of Analysis 
 

In order to match geographic units across country boundaries, the most equivalent 

geographic units in areal/population size have been selected for analysis between the U.S. and 

Mexican censuses (as per Collins et al. 2009; Collins et al. 2012). These units are census block 

groups (BGs) in the U.S. and Areas Geoestadisticas Básicas (AGEBs) in Mexico. Following 

Grineski and Collins (2008), neighborhoods with less than 500 people were deleted from the 

study to establish more stable independent variables.  This resulted in 515 neighborhoods for 

Juarez and 507 neighborhoods for El Paso.  

 2.2.2 Normalized Difference Vegetation Index (NDVI) 
 

For my analysis, Landsat Thematic Mapper and Landsat Enhanced Thematic Mapper 

(TM, ETM+) multispectral satellite imagery were used from summer 1984, 1990, 2000, and 

2010. Summer scenes were selected since they are subject to the least variability due to changing 

meteorological conditions, as well as because the trees and plants have leaves during the 

summer. TM imagery, which has a 30 m pixel size, provides adequate spatial resolution to 

analyze trends within the urban environment without the excessive processing time that data of 

finer spatial resolution would require. The work was at the level of the pixel for research 

question 1, and at the level of the neighborhood for research question 2. In order to quantify the 

abundance of vegetation for the El Paso and Juarez area (Fig 2.1), the NDVI was created for four 

selected images (with zero cloud cover and of high quality), which can be acquired from USGS 

websites (to take the average vegetation in summer) centered on June, July, August, and 

September in the years 1984, 1990, 2000, and 2010 (for a total of 16 images).   NDVI values 

were derived using the following formula where NIR and RED represent the near infrared and 

visible red reflectance respectively:  
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. 

Early applications using Landsat images found that NDVI had significant correlation with the 

amount of green leaf biomass (Tucker 1979). Lyon et al. (1997) found that NDVI could provide 

better change detection results compared with other vegetation indices using Landsat images. 

Valid NDVI values range between 0 and 1, and the common range for green vegetation is 0.2 – 

0.8: non-vegetated is 0.0, moderately vegetated ranges from 0.01- 0.29, and highly vegetated 

ranges from 0.3- 0.8 (Fuller and Gatrell 2009). For the neighborhood-level analysis, the NDVI 

pixel data were transformed to the neighborhood level by converting census tract vector data to a 

region of interest (ROI) and then calculating the statistical mean NDVI for each neighborhood. 

Once the mean NDVI was completed, a text file was exported and then uploaded into ArcGIS to 

visualize the vegetation distribution in the study area. The NDVI variable used in this equity 

analysis is mean NDVI. 
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                    Figure 2.1: NDVI images in El Paso and Juarez per pixel 
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2.2.3 Vegetation Change Detection  

 

The vegetation delineation tool was conducted using Landsat images per pixel and mile 

centered on June, July, August, and September in the years 1984, 1990, 2000, and 2010 for 

monitoring the past and present vegetation status.  To identify the presence of vegetation and 

visualize its level of vigor, four classes, based on the presence of vegetation, were categorized 

into dense (more 0.70%), moderate (0.70%-0.5%), sparse (0.50%-0.25%), and no vegetation 

(0.25%--1.0%). These classes were transformed to shapefiles, and then uploaded to GIS ArcMap 

to generate different distributed vegetation maps for both cities El Paso and Juarez. The NDVI 

images were detected using change detection analysis for the years 1984, 1990, 2000, and 2010, 

and then the map was created to visualize the changes over 26 years as five classes: 0.3- 0.7 

corresponded to a high increase, 0 - 0.3 to a low increase, 0 to no change, 0 - -3 to a low 

decrease, and less than -5 to a high decrease (see Zadeh, 2006; Daniel, 2001; Chambers, 2002). 

2.2.4 Heat 

 

In order to determine land surface temperature (LST) in the study area, four Landsat TM 

and ETM+ images acquired on 6 July, 14 Jun, 17 August, and 2 September for  2010 were 

selected (with zero cloud cover and of high quality) to identify the spatial distribution 

characteristics of vegetation cover and surface temperatures. Band 6 and Band 61 of TM and 

ETM+, respectively, were analyzed with respect to the surface temperatures. The processing of 

the heat data was conducted at the level of the pixel using the same technique as with vegetation 

and shown in Figure 2.2. 
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                       Figure 2.2: Heat 2010 in El Paso and Juarez per pixel 

2.3    Independent variables (socio-demographics) 

 

I have chosen the explanatory variables for socio-demographics based on their use in 

previous environmental justice studies in the region (McDonald and Grineski, 2011; Grineski 

and Collins, 2010; Grineski and Collins, 2008; Grineski et al. 2010) and because they have been 

found to have a relationship with tree cover, especially on a neighborhood scale (Heynen 2006, 
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Heynen and Lindsey 2003, Heynen et al. 2006, Landry and Chakraborty 2009). The analysis 

included six socio-demographic variables, to be described in what follows. 

2.4.1 Population density: 

      Population density is presumed to drive vegetative change directly. As an area is settled 

with more people, trees and grasses are displaced by roads and buildings, and indirectly by 

pollution as the by-product of human activities (Troy et al, 2007). In most of an arid 

environment, people are aware of the need to have more greenspace and they have invested in 

their yard and planted grass and trees. As shown in Fig 2.3, the study included population 

density due to its influence on the distribution of urban greenspace and related inequities. 

Population density is a measure of the total population divided by the area of the neighborhood 

in people per km
2
. F 

 

Figure 2.3: Population density for El Paso and Juarez 



26 

2.4.2 Proportion owner-occupied   

 

               Recent EJ studies show that the percentage of owner occupied housing units in a 

neighborhood was a significant predictor of greenspace, especially having more grass. This 

variable is associated with home ownership in part because grass needs frequent maintenance. 

(Troy et al 2007). Therefore, I include the proportion owner-occupied variable with the 

assumption that the rates of owner occupancy will be associated with having more vegetation as 

a result of the ability of people to care for their yard and vegetation. The proportion of owner-

occupied housing units was calculated by dividing the total number of owner-occupied housing 

units by the total number of occupied units in that neighborhood (see Fig 2.4). 

 

Figure 2.4: Proportion owner occupied for El Paso and Juarez 
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2.4.3  Proportion 0-4 years old and proportion 65 and older 

Literature has shown age to have a relationship with greenspace, which is associated with 

health implications. The very young and older people have been a focus in the EJ literature due 

to their increased vulnerability to negative environmental conditions, many of which, such as 

pollution, heat, noise, and crowdedness, can be ameliorated by the presence of trees (Nowak 

1994, 2010; Kinney et al. 2008). The research included these two groups because children and 

the elderly  have greater potential to be positively influenced by the environmental benefits 

associated with green space(Dwyer et al. 1992, Hull 1992; Kerns and Watters, 2012).  In order 

to construct these two variables, the number of people aged 0–4 and 65 and older divided by 

the total population in each neighborhood (see Fig 2.5). 

 

Figure 2.5 people aged 0–4 and 65 and older for El Paso and Juarez 
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2.4.4 Female-headed households  

      A female-headed households variable was used in several environmental justice 

studies along the US–Mexico border (Grineski and Collins 2010; McDonald and Grineski 

2011; Grineski et al 2011). Female-headed households have been considered because they 

are usually disproportionately young, less educated and less skilled, and because female-

headed households are more likely to live in poverty (Levernier et al 2000). To calculate the 

proportion of female-headed households, the number of female-headed households divided 

by the total number of households (see Fig 2.6).  

 

Figure 2.6: Female-headed households for El Paso and Juarez 
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2.4.5 Mean level of education  

 

             While neighborhood income is a more conventional variable in equity studies (see; 

Mohai and Saha 2006; Szasz and Meuser 1997), it is not included in this study due to 

differences in the two countries’ censuses (see Collins et al. 2009 for more details). The use 

of education as a social class variable is well supported by several studies, which exhibits a 

strong relationship between income and education in the study area (McDonald and Grineski 

2011; Law and VanDerslice 2011; Blodgett 2006). Both countries collect data useful for 

creating a variable for the mean years of education completed by the population in the 

neighborhood. Therefore, I included mean level of education as a variable to measure social 

class, a fundamental variable in study area (see Fig 2.7). 

 

Figure2.7: Mean level of education for El Paso and Juarez 
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2.5   Statistical strategy  

2.5.1 Research question 1-a: Repeated Measures ANOVA 

 

Repeated measures ANOVA are an extension of Paired T-Tests. As such, repeated 

measures ANOVA gives us the statistic tools to detect whether statistically significant change 

has occurred over time. T-Tests compare average scores at two different periods of time for a 

single group of subjects. Repeated measures ANOVA compared the average score at multiple 

time periods for a single group of Subjects (Vogt, 1999). For studying the greenspace change 

during the time period of 1984-2010, a repeated measures ANOVA with post hoc t-tests was 

used to detect whether there is statistically significant change in NDVI  between the time periods 

(1984-1990, 1984-2000, 1984-2010, 1990-2000, 1990-2010, 2000-2010).    In this process, there 

two main steps; first, is to assume that all the means are equal. Second step is however conducted 

when the assumption in the first step is not satisfied, which called the post – hoc test. 

 

            Figure2.8: Analysis processes for Research question 1-a 

Step 1 

In this step, we assume that the hypothesis that all the NDVI for the various years is the same. 

This is a general test for the Mauchly’s Test of Sphericity. The hypothesis can be written as 

follows: 

H0: μ1= μ2 = μ3 =μ4  
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H1: at least one of the μi is different for i=1,…,4 

In this case 1, 2, 3, 4 represents years 1984, 1990, 2000 and 2010 respectively. 

Step 2 

I then further performed a post – hoc test to determine the pairs of years that have the different 

mean NDVI’s. The pairwise selection was done as follows; 

1984-1990, 1984-2000, 1984-2010, 1990-2000, 1990-2010, 2000-2010. 

The hypotheses for the pairwise tests are as follows: 

H0: μ1 = μ2       H1: μ1 ≠ μ2 

H0: μ1 = μ3       H1: μ1 ≠ μ4 

H0: μ1 = μ4       H1: μ1 ≠ μ4 

H0: μ2 = μ3       H1: μ2 ≠ μ3 

H0: μ2 = μ4       H1: μ2 ≠ μ4 

H0: μ3 = μ4       H1: μ3 ≠ μ4 

2.5.2 Research question 1-b: Correlations 

 

To address the relationship between LST and vegetation cover, the NDVI and LST values 

for each pixel was obtained through ENVI and ArcGIS. A bi-variate correlation coefficient 

model was used to assess the relationship between LST and NDVI in the study area in the year 

2010. 

 

Figure 2.9: Analysis processes for Research question 1-b 
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2.5.3 Research question 2: Regression Analyses 

 

Instead of working at the level of the pixel, a neighborhood-level analysis was conducted 

to evaluate whether the distribution of greenspace is statistically associated with socio-

demographic variables in the neighborhoods of the cities of El Paso and Juarez in 2010.  This 

study used open source spatial statistics application GeoDa (Anselin, 2004) to conduct the 

regression analysis for the twin cities separately, using NDVI values as the dependent variable. 

Descriptive statistics for all variables are presented in Table 2.2. Prior to analysis, two steps were 

taken in consideration: (1) each independent variable was tested for normality, and (2) checked 

for the multicollinearity diagnostics which occur as part of the OLS modeling step. 

Table 2.2: Descriptive statistics for El Paso and Juarez 

 

            Variables 

El Paso Juarez 

Min Max Mean StdDev Min Max Mean StdDev 

    Population density 

 

5.025 

 

 

9536.9 

 

 

2062.7.  

 

 

1326.8.0. 

 

 

181.12 

 

 

18561.5 

 

 

6152.72 

 

 

3132.5 

 

Owner-occupied 0.001 0.602 0.329 0608 0.142 0.367 0.260 0.021 

Proportion 0-4 years 0.000 0.258 0.076 0.0246 0.065 0.398 0.150 0.045 

         

Proportion 65 and older 0.000 0.397 0.121 0.0640 0.002 0.183 0.048 0.034 

         

Proportion female-

headed household 

0.000 0.745 0.291 0.0766 0.092 0.462 0.259 0.061 

         

Mean Education 7.378 17.29 12.379 1.9766 6.180 14.96 8.956 1.911 

         

NDVI 0.000 0.494 0.1925 .08519 0.000 0.407 0.0818 0.0620 
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2.5.3.1 Testing for Normality: 

 

   To run regression analyses with so many variables of different units, I first attempted to 

check for distribution normality. When a variable is not normally distributed, a transformed 

variable was created and tested for normality and then substituted in our analysis (Park, 2008). A 

q-q plot was used to check and to compare the shapes of distributions, providing a graphical 

view of how properties such as location, scale, and skewness are similar or different in the two 

distributions (Tanbakuchi, 2009). In my case, the distribution of variables in both cities is 

skewed and non-symmetrical, and all of the variable distributions except proportion of owner-

occupied for the city of Juarez violated the test of normality in the q-q plot test. To better 

approximate normality, the study used the square root transformation and the Z-score for 

improving the normality of all variables, except population density, proportion owner occupied, 

and proportion female headed households for Juarez (since these variables relatively normal to 

begin with so the transformation was not needed), and reducing skewedness and kurtosis of these 

measures in each city and I found that the transformation was effective in improving normality. 

2.5.3.2 Testing for Multicollinearity: 

 

Multicollinearity in regression exists when some independent variables in the model are 

correlated with other independent variables (Schroeder, 1990). GeoDa software, which I used in 

this study, provides the multicollinearity condition index, which indicates whether 

multicollinearity was a serious issue in the models (Anselin, 2005; Chakraborty, 2009).  Anselin 

(2005) asserted that a condition index of 30 is indicative of serious collinearity problems. In this 

case, the condition indices were 3.637 for El Paso and 2.806 for Juarez, which indicate the 

absence of multicollinearity issues, and suggest that analysis could proceed.  
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2.5.3.3 Correlations 

 

The correlations between NDVI and the other independent variables were achieved using 

Pearson’s correlation for both cities El Paso and Juarez.  The correlation analysis for El Paso and 

Juarez was performed separately. The results obtained for the city of El Paso show a negative 

relationship between lower NDVI and higher population density, higher proportion 0-4, higher 

owner-occupied and higher proportion female-headed households. There was a positive 

correlational relationship between higher NDVI and an increasing proportion of individuals 65 

years old and higher mean level of education. The outputs obtained for the city of Juarez indicate 

a negative relationship between lower NDVI and an increasing population density, increasing 

proportion of owner-occupied residences, and increasing female-headed households.  While 

there were a positive associated between higher NDVI with a higher proportion of children aged 

under 5, higher proportion of individuals 65 years old, and higher levels of mean education. 

2.5.3.4 Regression analysis Using GeoDa Software 

 

GeoDa software was built to provide classical ordinary least squares (OLS) regression 

with diagnostics for non-normality, heteroskedasticity, and spatial dependence. It also provides 

statistics for helping to choose appropriate models among OLS, Spatial Lag, and Spatial Error 

models using spatial dependence tests such as the Lagrange Multiplier error test and Lagrange 

Multiplier lag test (Smirnov and Anselin, 2001; Anselin, 2005). To get these spatial dependence 

statistics, the OLS model requires a set of neighbor relationships, or a spatial weights matrix, 

which accounts for variation in the dependent variable explained by values at neighboring 

locations rather than by explanatory variables (Pastor et al. 2005). In GeoDa, there are two types 

of spatial weights matrices: the contiguity-based spatial weight matrix and the distance-based 
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spatial weight matrix (Freisthler at el. 2006; Anselin, 2003; Bowen et al. 2009). Distance-based 

approaches are more commonly used in environmental justice research (McDonald and Grineski, 

2011; Grineski and Collins, 2010; Bowen et al. 2009; Landry and Chakraborty, 2009; 

Chakraborty, 2009; Grineski and Collins, 2008; Grineski et al. 2010, and Pastor et al. 2005) and 

are what I used here (more details are provided in the next paragraph). 

Following Chakraborty (2009) and Grineski and Collins (2010), OLS regression models 

were run first to test model residuals for spatial autocorrelation using one of the most common 

tests in group-level data. That is, the Moran’s I statistic, which is calculated from the residual 

error values from the OLS regression model (Hartselle, 2012).  Spatial autocorrelation ‘‘refers to 

the tendency of variables to be influenced by their neighbors, potentially causing the errors in a 

regression model to violate the independence assumption associated with the OLS approach’’ 

(Chakraborty 2009: 682). The study used distance method of defining weights has been used, 

which is considered more appropriate for irregularly-shaped census geography than the rook or 

queen method (Pastor, Morello-Frosch and Sadd 2005).  The process of selecting a bandwidth 

distance for neighbors is iterative. The spatial distance was tested using 1000 m as the first 

distance band. Each of the models was run using the 1000 m band and I tested the residuals for 

spatial autocorrelation using the univariate Moran's I test.  For the city of El Paso, the OLS 

models indicated there was no spatial autocorrelation in the residuals (i.e., I tested Moran’s I 

values at 1,000 m, 2,000 m and 3,000m and they were not significant ; for example, the p-value 

was 0.326 when the spatial weight was 3,000 m, see Fig 2.10). As such, results from OLS 

regression models have been reported because the data did meet the assumptions of OLS.  
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        Figure 2.10: p-value and Moran’s I of OLS test for El Paso with a spatial weight of 3,000 m 

 In the city of Juarez, the diagnostic tests offered in GeoDa for OLS models indicated a 

positive spatial autocorrelation in the residuals (i.e., Moran’s I values were 0.121 at a p-value of 

0.001 at 1000 m, see Fig. 2.11); this meant that the data did not meet the assumptions of OLS 

regression models. 

 

          Figure 2.11: p-value and Moran’s I of OLS test for Juarez with a spatial weight of 1,000 m 

 

 The Lagrange Multiplier (LM) and the Robust LM diagnostic tests were used to 

determine whether the spatial lag model or spatial error model would be used in the final analysis 
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for the city of Juarez (Anselin 2005).  Spatial lag models assume that spatial autocorrelation is 

present in the dependent variable, while spatial error models assume that the independent 

variables exhibit spatial dependence (Landry and Chakraborty, 2009; Pastor, Morello-Frosch and 

Sadd 2005).  In this case, the LM tests recommended that the spatial lag models was the best fit 

(as opposed to spatial error models), and the two models were run with weights matrix of 2000 

meters because the spatial autocorrelation was removed at that distance (i.e., Moran’s I values 

became not significant at p =0.37 level) see Fig 2.12.  

 

Figure 2.12: p-value and Moran’s I of spatial autocorrelation test for Juarez with a spatial weight 

of 2,000 m 
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Chapter 3: Results 

3.1 Introduction 

 

The main purpose of this study is to determine the relationship between socio-

demographic characteristics and greenspace in twin cities neighborhoods El Paso and Juarez and 

reveal inequities in the distribution of NDVI. Data were extracted from many different sources, 

and with different units and many processes were followed to prepare these data for analyzing. 

This chapter describes the change detection which was conducted using Landsat images centered 

on June, July, August, and September in the years 1984, 1990, 2000, and 2010 for monitoring the 

past and present vegetation status. It also presents the results of a repeated measure ANOVA 

with post hoc t-tests was used to detect whether there is statistically significant change in NDVI 

between 1984 to 2010. A bi-variate correlation coefficient model was used to assess the 

relationship between LST and NDVI in the study area in the year 2010.  In addition, correlation 

and regression model were also conducted to evaluate whether the distribution of greenspace is 

statistically associated with socio-demographic variables in the neighborhoods of the cities of the 

El Paso and Juarez in 2010.   

3.2 Vegetation Change Detection (Research Question 1a) 

3.2.1 Vegetation change detection for El Paso 

 

Before reporting the results of the ANOVA, I will describe the changes in vegetation.  

The NDVI change detection results for the city of El Paso can be observed in Table 3.1 and 

Figure 3.1. Six change detection time periods listed in Table 3.1 were compared and evaluated in 

this study. As it is evident, during the period 1984 to 1990, El Paso witnessed an increase in 

vegetation, and as such El Paso had 5.5 square mile increase of vegetation in 1990, and had small 
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decrease of vegetation of -0.1 square mile in 2000. While in 2010 the area recorded larger 

increases in vegetation of 10.2 square miles as compared to the year 1984 of 5.5 square miles 

(3.9 % from the total area).  

Table 3.1 : The results of change detection of NDVI images in El Paso per pixel and mile 

between the time periods 1984-1990, 1984-2000, 1984-2010, 1990-2000, 1990-

2010, 2000-2010  

 

Year 

 

Vegetation increase 

 

Vegetation decrease Net 

change 

        No change 

Pixel Area 

(mi sq) 

% Pixel Area 

(mi sq) 

% (mi sq) Pixel Area 

(mi sq) 

% 

1984-

1990 

19227 

 

6.7 7.1 3616 1.2 1.3 5.5 248381 

 

86.3 91.6 

1984-

2000 

 

20150 7 7.4 4058 1.4 1.6 5.4 247017 85.8 91 

1984-

2010 

 

33463 11.6 12.3 4143 1.4 1.6 10.2 233619 81.2 86.1 

1990-

2000 

 

6064 2.1 2.2 6453 2.2 2.3 -0.1 258708 89.9 95 

1990-

2010 

32721 11.4 12.1 3718 1.3 1.3 10.1 234786 81.6 86.6 

2000-

2010 

23285 8.1 8.6 6893 2.4 2.4 6.2 241047 84 89 

 
Note: Vegetation change is based on five categories  
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Figure 3.1 depicts, in a visual format, the results of performing change detection by using 

ENVI and GIS techniques on NDVI image in the period between 1984 to 2010. It shows changes 

in the vegetation from the period 1984 to 2010.  It can be obviously seen that the areas of 

vegetation increase were generally located in the Upper and Lower Valleys, where irrigated 

agriculture land uses are common. The areas of decrease occurred in the center of the county and 

on the northeast side. Small areas which observed a high decrease in vegetation were located in 

the East and Westside (change detection maps for El Paso 1984-1990 and 1984-2000 are 

included in appendix). 

 

                              Figure 3.1: Change detection map for El Paso, 1984-2010 
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Here, I will present the results of a repeated measures ANOVA test.  Descriptive statistics 

for the pixel of NDVI from the city of El Paso are observed and shown in the table 3.2; 

 

 

 

 

 

 

 

As the table above indicates, the mean and standard deviation for NDVI have increased 

between the years 1984 and 1990, then they decreased in the year 2000, and then rose again in 

the year 2010.  Table 3.3 shows the results obtained from the post-hoc pairwise comparison. 

 

 

 

 

 

 

 

 

 

 

Table 3.2:  Description of NDVI for El Paso 

 Mean Std. Deviation N 

Time 1_1984 .226 .144 131295 

Time 2_1990 .251 .189 131295 

Time 3_2000 .243 .176 131295 

Time 4_2010 .253 .192 131295 
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Table 3.3: Post- hoc Pairwise Comparisons for El Paso 

(I) 

NVDI_effect 

(J) 

NVDI_effect 

Mean 

Difference 

(I-J) Std. Error Sig.
a
 

95% Confidence Interval 

for Difference
a
 

Lower 

Bound Upper Bound 

1984 1990 -.026* .000 .000 -.026 -.025 

2000 -.018* .000 .000 -.018 -.017 

2010 -.027* .000 .000 -.028 -.026 

1990 1984 .026* .000 .000 .025 .026 

2000 .008* .000 .000 .008 .009 

2010 -.001* .000 .000 -.002 -.001 

2000 1984 .018* .000 .000 .017 .018 

1990 -.008* .000 .000 -.009 -.008 

2010 -.009* .000 .000 -.010 -.009 

2010 1984 .027* .000 .000 .026 .028 

1990 .001* .000 .000 .001 .002 

2000 .009* .000 .000 .009 .010 

Based on estimated marginal means 

*. The mean difference is significant at the .05 level. 

a. Adjustment for multiple comparisons: Least Significant Difference (equivalent to no adjustments). 

 

Since the p-value is less than the significant level of 0.05 I reject the null hypothesis in 

favor of the alternate hypothesis. As such, I conclude that there is a significant difference in the 

post-hoc pair wise comparisons of the mean pixel values of NVDI between all of the time 

periods (1984-1990, 1984-2000, 1984-2010, 1990-2000, 1990-2010, 2000-2010).  
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Figure 3.2 shows the estimated marginal means from 1984 to 2010. From 1984, there is a 

steady marginal increase to 1990. There is a drop from 1990 to 2000. Again we see a further rise 

in NVDI from 2000 to 2010 where we record the highest estimated the mean pixel values of 

NVDI. 

 

Figure 3.2: Estimated marginal means of NDVI for El Paso from 1984-2010 

3.2.2 Vegetation change detection for Juarez 

 

The results of change detection in NDVI for the city of Juarez can be observed in Table 

3.4 and Figure 3.3. Juarez had a smaller increase in vegetation compared with El Paso (0.8 % 

from total area). During the period 1984 to 1990, the study area witnessed an increase in 

vegetation, and as such, Juarez had 0.5 square miles more of vegetation in 1990 as well as 0.6 

square mile in 2000 compared to the year 1984. On the other hand, the area underwent a decline 

in vegetation from the period 2000 to 2010 which recorded approximately -0.5 square miles of 

vegetation decrease. 
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Table 3.4 : The results of change detection of NDVI images in Juarez per pixel and mile between 

the time periods 1984-1990, 1984-2000, 1984-2010, 1990-2000, 1990-2010, 2000 

2010 

 

Year 

 

Vegetation increase Vegetation decrease    Net 

change 

        No change 

Pixel Area 

(mi sq) 

% Pixel Area 

(mi sq) 

% (mi sq) Pixel Area 

(mi sq) 

% 

1984-

1990 

2687 0.9 7.6 1102 0.4 3.4 0.5 31777 11 89 

1984-

2000 

2927 1 8.2 1039 0.4 3 0.6 31599 11 88.8 

1984-

2010 

 

1888 0.7 5.3 1792 0.6 5 0.1 31885 11.1 89.7 

1990-

2000 

 

1418 0.5 4 1358 0.4 3.8 0.1 32790 11.4 92.2 

1990-

2010 

1725 0.6 4.9 1550 0.5 4.3 0.1 32290 11.2 90.8 

2000-

2010 

1062 0.4 3 2529 0.9 7 -0.5 31974 11.1 90 

 

 

Figure 3.4 illustrates, in a visual format, the results of performing change detection by 

using ENVI and GIS techniques on NDVI in the period of 1984 to 2010. The map shows small 

changes in the vegetation, which occurred in the urban area. It can be evidently seen from the 
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map that areas of vegetation decrease were generally located in the center of the city. It can also 

be observed that a slight increase of vegetation was dispersedly distributed over the northeast 

side of the city of Juarez, where irrigated agriculture takes place. (more change detection maps 

for Juarez 1984-1990 and 1984-2000 are included in appendix).  

                           

 

                     Figure 3.2: Change detection map for Juarez, 1984-2010 

Before reporting results of the repeated measures ANOVA, I begin by observing the 

descriptive statistics for the data from Juarez. The result is as shown in table 3.5. 
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Table 3.5 : Description of NDVI for Juarez 

P Mean Std. Deviation N 

Time 1_1984 .156 .104 157888 

Time 2_1990 .181 .138 157888 

Time 3_2000 .161 .125 157888 

Time 4_2010 .147 .115 157888 

 

As the table above indicates, the mean and standard deviation have increased from 1984 

to 1990 in NDVI. Then there was a drop in the NVDI after 1990 to 2000 and a further drop in 

2010. The following table shows the results obtained from the post-hoc pairwise comparison. 

Table 3.6: Post- hoc Pairwise Comparisons for Juarez. 

(I) 

NVDI_effect 

(J) 

NVDI_effect 

Mean 

Difference (I-

J) Std. Error Sig.a 

95% Confidence Interval 

for Differencea 

Lower Bound Upper Bound 

1984 1990 -.024* .000 .000 -.025 -.024 

2000 -.014* .000 .000 -.005 -.004 

2010 -.009* .000 .000 -.009 -.010 

1990 1984 .024* .000 .000 .024 .025 

2000 .020* .000 .000 .019 .020 

2010 -.033* .000 .000 -.033 -.034 

2000 1984 .004* .000 .000 .004 .005 

1990 -.020* .000 .000 -.020 -.019 

2010 -.014* .000 .000 -.013 -.014 

2010 1984 .009* .000 .000 .010 .009 

1990 .033* .000 .000 .034 .033 

2000 .014* .000 .000 .014 .013 
Based on estimated marginal means 

*. The mean difference is significant at the .05 level. 
a. Adjustment for multiple comparisons: Least Significant Difference (equivalent to no adjustments). 

 



47 

Since the p-value is less than the significant level of 0.05 I reject the null hypothesis in favor of 

the alternate hypothesis. As such there is a significant difference in the post-hoc pair wise 

comparisons the mean pixel values of NVDI between all of the time periods (1984-1990, 1984-

2000, 1984-2010, 1990-2000, 1990-2010, 2000-2010). 

 

                  Figure 3 3 Figure 3.4: Estimated marginal means of NDVI for Juarez from 1984-2010 

 
Figure 3.4 shows the estimated marginal means from 1984 to 2010. There is a marginal 

increase from 1984 to 1990 in NDVI. We then observe a drop in the NVDI after 1990 to 2000 

and a further drop in 2010. 

3.3 The link between NDVI and land surface temperature (LST) (Research question 1b) 

 

  The Landsat satellite images of the study area acquired for summer 2010 is shown in 

Figure 2.2 and 2.3. From the NDVI map shown in figure 2.2, three primary colors are classified 

and used (dark green, slight green and white). The dark green color indicates dense vegetated 

area and the slight green color indicates moderate vegetated area and the white color shows non-

vegetated areas for NDVI images. NDVI of study area ranges between [0.0 and 0.8]. As can be 
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seen from Figure 2.2, NDVI values are high on the west and east sides of El Paso city, and in a 

small portion of east Juarez.  Regions with low NDVI values are mainly located in the center of 

both cities, where the land surface is covered with city buildings and hardened surface. The 

region that represents the median NDVI value is located in the northwestern and southeastern of 

El Paso and southeastern of Juarez with very little green cover.   

Figure 2.3 shows the distribution of land surface temperature of the study area. Dark red 

color indicates low temperature and white color shows high temperature values for thermal 

image. The mean value of LST in study area is between 89
o
F and 114

o
F. As it can be seen from 

Figure 2.3, low temperature distribution regions are detected in east, west and northeast parts of 

El Paso, and east and southeastern parts of Juarez which means that they are distributed on the 

areas with high NDVI value. The high temperature regions are detected at the center of the study 

area, where low vegetation cover areas co-locate with the urban core area.   

In order to quantify the effect of vegetation on surface temperature during the year 2010 

in the cities of El Paso and Juarez, the correlation coefficient was computed for each pixel in the 

study area for each city separately.as shown in Table 3.7. 

Table 3.7 :  Correlation between the NDVI and LST for El Paso and Juarez at the pixel-level 

 

      Pearson Correlation 

                  El Paso                   Juarez 

NDVI LST NDVI LST 

NDVI  

 Sig. (2-tailed) 

 N 

1 

 

3056444 

-.709** 

.000 

3056444 

1 

 

1894536 

-.523** 

.000 

1894536 

LST  

 Sig. (2-tailed) 

 N 

-.709** 

.000 

3056444 

1 

 

3056444 

-.523** 

.000              

1894536 

1 

              

1894536 

**. Correlation is significant at the 0.01 level (2-tailed). 
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Based on the output of correlation analysis as shown in Table 3.7, the correlation between 

NDVI and LST is negative and significantly associated. The results show that vegetation has 

clear negative relationship with land surface temperature (correlation coefficient value = -0.709 

and -0.523, in El Paso and Juarez respectively, and statistically significant at p <.01).  Lower 

vegetation coverage is associated with higher temperature and vice versa which supports my 

hypothesis.  

3.4 Greenspace Equity (Research question 2) 

3.4.1 Spatial Distribution of NDVI 

 

The spatial distribution of NDVI coverage within the entire study area by neighborhood 

is illustrated in choropleth maps in Figure 3.5 (see below).  For comparative purposes, these 

choropleth maps are grouped into the same six categories based on the values calculated from 

ENVI and GIS. A visual comparison indicates that the distribution of NDVI between El Paso  

and Juarez are different. The results obtained for the city of El Paso show a high NDVI in the 

Rio Grande valley/floodplain, where irrigated agricultural land uses occur. However, the results 

of the city of Juarez demonstrate a high level of NDVI in the northeast area.  
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                               Figure 3.5: 2010 NDVI by neighborhood for El Paso and Juarez 

3.4.2 Correlation Results 

 

In order to analyze the relationship between the NDVI and the explanatory variables, the 

correlation analysis for El Paso and Juarez was performed separately and the statistical results 

are presented in Table 3.8 and 3.9.  The outputs for the city of El Paso show a negative 

relationship between lower NDVI and higher population density, higher proportion 0-4 (p<.01 

for both), higher owner-occupied (p<.05) and higher proportion female-headed households, 

which is not significant (p>.05).  There is a positive correlational relationship between higher 
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NDVI and an increasing proportion of individuals 65 years old and higher mean level of 

education which are not significant (p>.05). The Pearson’s correlation test obtained for the city 

of Juarez (shown in Table 3) confirms a negative relationship between lower NDVI and an 

increasing population density, increasing proportion of owner-occupied residences (p<.05 for 

both), and increasing female-headed households, which is not significant (p>.05).  While a 

higher proportion of children aged under 5 (p<.01), higher proportion of individuals 65 years old, 

and higher levels of mean education were a positive associated with higher NDVI, but they are 

not significant (p>.05).    

Table 3.8: Pearson Correlation Coefficients for El Paso 

Pearson Correlation 
NDVI 

Pop 

Density 

P Owner 

occupied P 0_4 P 65 P_FHH 

Mean 

Education 

NDVI  1 -.375** -.121** -.112* .012 -.129** .048 

Pop Density  -.375** 1 .234** -.074 .261** .144** -.096* 

Prop. Owner 

occupied 

 -.121** .234** 1 -.155** .538** -.265** .203** 

Prop. age 0_4  -.112* -.074 -.155** 1 -.550** .488** -.198** 

Prop. age 65 

and over 

 .012 .261** .538** -.550** 1 -.103* -.080 

Prop. Female 

Headed 

Household 

 -.129** .144** -.265** .488** -.103* 1 -.408** 

Mean 

education 

 .048 -.096* .203** -.198** -.080 -.408** 1 

        

**. Correlation is significant at the 0.01 level (2-tailed). 

*. Correlation is significant at the 0.05 level (2-tailed). 

Note: “P” refers to “proportion”. 
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3.4.3 Regression Results 

 

The results obtained of the Ordinary Least Square (OLS) models for El Paso and the 

spatial error models for Juarez are presented in Tables 3.10 and 3.11, respectively. Model 

coefficients are presented along with the t-statistic for the OLS model and the z-statistic for the 

spatial error model. In the spatial error model, the spatial autoregressive coefficient used to 

supplement the regression model was very large and highly significant (p < 0:001). Measures of 

Table 3.9: Pearson Correlation Coefficients for Juarez 

Pearson Correlation 

NDVI 

Pop 

Density 

P 

Owner 

occupie

d P_0_4 

P_65 

and 

Over P_FHH 

Mean 

Educatio

n 

NDVI  1 -.518** -.100* .170** .032 -.075 .078 

Pop Density  -.518** 1 -.082 -.183** -.116** .094* -.179** 

Prop. Owner 

occupied 

 -.100* -.082 1 .063 .161** .178** .270** 

Prop. Ages 0-

4 

 .170** -.183** .063 1 .075 .040 .268** 

Prop. 65 and 

over 

 .032 -.116** .161** .075 1 .741** .053 

 Prop. Female 

Headed 

Household 

 -.075 .094* .178** .040 .741** 1 -.066 

Mean 

education 

 .078 -.179** .270** .268** .053 -.066 1 
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model fit are provided by the adjusted coefficient of determination R
2
, and the Akaike info 

criterion (AIC) for both models.  The Moran's I-statistic was generated from the residual error 

values in each model. 

Table 3.10: Ordinary least squares model predicting NDVI in El Paso 

 

Neighbor Bandwidth 3000 m 

Condition Index 3.637 

Moran’s I-OLS 

p-value 

-0.009 

(p = 0.34) 

R Squared  0.174   

Adjusted R2 0.164 

Akaike info criterion (AIC) -1141.5 

Log likelihood 578.2 

Degrees of Freedom 500 

Model estimates Coef. t-Statistic P 

Constant 0.192  55.66  0.000 

Population Density -0.031  -8.538 0.000 

Proportion Owner-occupied -0.013  -2.656 0.008 

Proportion 0-4 Years -0.002  -0.743 0.636 

Proportion 65 Years+  0.014  2.490 0.0130 

 Proportion Female-headed household -0.006  -1.377 0.169 

 Mean Education 0.001 0.421 0.673 

All variables are Z scores. 

 

 
 

Table 3.10 presents the results of the OLS model of the city of El Paso. Decreasing 

population density, decreasing proportions of owner-occupied housing, and higher proportions of 

individuals 65 years and older (p <0.05 for all) were associated with higher NDVI.  The other 

three variables were not statistically significant predictors of NDVI.  
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 Table 3.11 describes the results of the spatial lag model for the city of Juarez. It reveals 

that higher population densities, higher proportions of adults 65 years and older, higher 

proportion female-headed household, and lower levels of education  were significantly 

associated with higher NDVI (all with p< 0.01); but NDVI was not significantly associated with 

higher proportion owner-occupied housing and higher proportions of  children ages 0-4 years. 

Table 3.11: Spatial Lag Model Predicting NDVI in Juarez 

Neighbor Bandwidth 2000 m 

Moran’s I-OLS 

(p) 

0.12  

(p = .001) 

Condition Index 2.806 

Moran’s I-Spatial lag 

(p) 

-0.003 

 (p = 0.38) 

R Squared Spatial Error Model 0.518 

Degrees of Freedom 508 

Log likelihood -556.07 

Akaike info criterion 1128.14 

Model estimates Coef. z-value P 

  W_ NDVI          0.747 17.780 0.000 

Constant -0.031 -0.325 0.744 

Population Density 0.239 6.495 0.000 

Proportion Owner-occupied  0.075 1.812 0.069 

Proportion 0-4 Years 0.101 0.292 0.770 

Proportion 65 Years+  0.147 4.355 0.000 

Proportion Female-headed household 1.038     5.925 0.000 

Mean Education -0.993 -5.687 0.000 

All variables are Z scores. 
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Chapter 4: Discussion 

4.1. Green space change 
 

Sufficient greenspace is an important element for a sustainable city. Most studies have 

demonstrated that green spaces are important for the urban environment and the quality of life. It 

is widely accepted that greenspaces provide a variety of benefits to urban residents including 

recreational opportunities, improved air quality, and better public health (Massa et al. 2006; 

Mitchell et al. 2008; Baker et al. 2002, Patz et al. 2005, Grimmond 2007, Jenerette 2011). The 

study area has relatively low levels of natural green vegetation due to its hot and dry climatic 

characteristics. It is necessary to evaluate and characterize greenspace in arid and semi-arid cities 

due to a large variation in greenness and associated amenity values. GIS and remote sensing 

technique played a key role in my combining the works from various academic fields to have 

reliable data and analyses (Han et al. 2004; Wang et al. 2004; Coop et al. 2009; Avelar et al. 

2009; Chen et al. 2009; Bagan et al. 2010; Mustapha et al. 2010; Peijun et al. 2010). 

The first objective in my dissertation was to examine vegetation change during the period 

of 1984 to 2010 in the cities of El Paso and Juarez. This study provides another example that 

change detection techniques can be applied to desert vegetation environments.  Use of such 

change detection techniques may help decision makers and planners to better understand the 

factors shaping land use and land cover changes in order to take effective and useful measures to 

increase the amount of green space. The results show an observed change in NDVI across the 

twin cities during the period included in the study. In the city of El Paso, the findings obtained 

from the change detection technique and repeated measures ANOVA led me to accept the study 

hypotheses that greenspace had increased, while in the city of Juarez, this was not the case. As 

compared to Juarez, El Paso recorded larger increases in vegetation between in the years 2010 
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and 1984 as vegetation increased to 10.2 square miles from 5.5 square miles. The highest 

increases in NDVI were associated with the expansion of irrigated agriculture in the Upper and 

Lower Valleys of the Rio Grande. 

These results are consistent with previous studies that have shown tree cover and 

grassland in some arid environments to have increased due to urbanization process (Al-Gaadi 

2011; John et al. 2009; Nowak et al. 2012; Kim 2010; Kadmon et al. 1999). In much of the El 

Paso metropolitan area, natural desert vegetation has been removed as a consequence of 

urbanization; El Paso has experienced extensive urbanization from 1970 to 2000 (Pena 2002) 

and based on the maps, I believe the effect of urbanization led to the increase that I observed in 

NDVI between 1984 and 2010. Many places in the city especially in the Northwest side along 

the mountain have been turned into commercial and residential neighborhoods, thus people 

living there are aware of the need to have more greenspace and they have invested in their yard 

and planted grass and trees. In addition, the city also played an important role in planting and 

maintaining trees to improve landscape and quality of life for El Paso residents. 

The obtained results from the change detection technique and repeated measures 

ANOVA for the city of Juarez did not support the study hypotheses. The city witnessed a small 

increase in vegetation of 0.5 only square miles between 1984 to 2000, and it underwent a decline 

in vegetation from the period 2000 to 2010, which recorded approximately -0.5 square miles of 

vegetation decrease. Therefore, I think the decrease of NDVI in Juarez city relates to the 

following reasons; first, the city has grown by turning croplands into home developments. 

Second, Juárez has undergone widespread violence between 2006 and 2011, and thus, a 

significant number of individuals escaped the violence by migrating internally to other parts of 

México or to the US (Morales et al. 2013). As such, green plants probably died as people 
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abandoned their homes. Third, scarce water resources as well as drought are considered other 

factors responsible for loss of vegetation in the city of Juarez. Fourth, there has been less 

expansion of irrigated agriculture in Juarez (the Valle de Juarez) than in El Paso likely due to the 

fact that Juarez has a reduced entitlement to Rio Grande/Bravo water as compared to El Paso. 

4.2. The Relationship between NDVI and LST 
 

In many places on earth, especially arid and semi-arid regions, vegetation can 

significantly influence the urban environment through reducing land surface temperature (Miller 

1997; Dong et al. 2005; Yuan et al. 2007; Sun and Kafatos 2007; Kim et al. 2005; Ozelkan et al. 

2011). Using Landsat TM data and ENVI software, NDVI and LST images were produced 

(Figures 2.1 and 2.2).  Comparing the NDVI images with the LST images, the relationship 

between them can be clearly understood. The distribution of vegetation cover is low in center 

and high in edges in both cities. On the other hand, the distribution of LST was opposite to the 

distribution of vegetation cover, which is high in the center and low in the edges. The hot spots 

in the 2010 image are mainly concentrated in the downtown and in the barren lands for both 

cities, while the largest cooling affect from vegetation was on the far East and West sides. The 

average heat for Juarez was 104° F while the average heat for El Paso was 105° F. 

Conducting a correlation analysis between the pixel values of NDVI and LST with the 

support of SPSS demonstrated that the correlation of the pixel values of NDVI with LST was 

significant and negative in both cities (p > 0.01). This means that vegetated areas tend to have 

lower surface temperatures. In Juarez, due to the fact that NDVI values are lower in Juarez and 

exhibit less variability (smaller range) than in El Paso, the correlation is quite a bit weaker than 

in El Paso and other studies that reported earlier in the literature review (Sun and Kafatos 2007; 

Kim et al. 2005; Ping  et al. 2006; Zhangyan et al. 2006; Ozelkan et al. 2011).  NDVI and LST 
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are considered to be two main indices to study the urban ecological environment and to 

contribute to further validation of the applicability of relatively low cost, moderate spatial 

resolution satellite imagery. Therefore, the results of this section seem to support the hypothesis 

that lower levels of vegetation coverage in the study area will be associated with higher land 

surface temperatures, and vice versa.  

4.3. Equity implications of greenspace distribution  
 

I have sought to address specific limitations of prior environmental equity studies on 

urban amenities through several methodological improvements. The main purpose of this study 

is to determine the relationship between socio-demographic characteristics and NDVI in twin 

city neighborhoods and reveal inequalities in the distribution of NDVI for residents. It is 

important to note that my results reveal that the percentage of NDVI in the average El Paso 

neighborhood was nearly 2.3 times higher than for Juarez neighborhoods, meaning that El Paso 

residents experience higher levels of NDVI relative to Juarez residents. This represents an 

environmental injustice for Juarez, as it reflects the unequal distribution of greenspace between 

the twin cities. The results show statistically significant relationships between certain socio-

demographic variables and NDVI across twin cities’ neighborhoods. Interestingly, I found some 

associations that followed my hypotheses and some that did not. 

The findings obtained from the Pearson correlations indicate that higher neighborhood 

levels of NDVI for the city of El Paso were significantly correlated with lower population 

density, lower proportion of owner occupied housing, lower proportion of children ages 0-4 

years old, and lower proportion of female-headed household, and NDVI was not significantly 

correlated with higher proportion of adult ages 65 or higher mean education. In the OLS model, 

NDVI was negatively associated with population density, owner occupied and positively with 
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more old people approaching significance (p < 0.01for all), and negatively associated with 

proportion of age 0-4, female-headed household and positive for mean levels of education, but 

they did not approach significance (p = 0.63, p = 0.17, p = 0.67) respectively (see table 3.10).  

My lack of significant findings for age 0-4, female-headed households and mean education 

suggest that there is not an environmental inequity with respect to these variables for the city of 

El Paso. Some of these results do seem to support an inequity hypothesis by suggesting that 

neighborhoods with higher population density, less old people, and more owner occupied 

housing may have less of the distribution of NDVI. However two of the results are in the 

opposite direction from a traditional inequity hypothesis (i.e., that the socially disadvantaged 

would have less greenspace): neighborhoods with more renters and more older adults have more 

greenspace.  For population density, the finding indicates a lack of greenspace in densely settled 

urban neighborhoods. 

In the city of Juarez, the findings obtained from the Pearson correlations indicate that 

neighborhood NDVI was significantly correlated with lower population density, higher 

proportion of owner occupied, higher proportion of children ages 0-4 years old, and not 

significantly correlated with higher proportion of adult ages 65, lower proportion of female-

headed household, and higher mean education. The results obtained from the spatial lag model 

indicating that neighborhoods with more adults 65 years and older have a greenspace advantage. 

The statistical results from the lag model also show a higher NDVI in neighborhoods with a 

higher population density, higher proportion of female headed households, lower mean levels of 

education (p < 0.01 for all); results were nearly significantly for higher proportion of owner 

occupied (p = 0.07), and the results for higher proportion of children ages 0-4 years did not 

approach significance (p = 0.77) see table 3.11.    
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However, the analyses of this study revealed that the distinct patterns of environmental 

injustice related to the lack of access to greenspace that were similar between El Paso and Juarez 

in some ways, but also different in meaningful ways. In terms of similarities, there was one 

social variable that demonstrated similar patterns across the cities: proportion of adults 65 years 

and older of age was a positive predictor of NDVI and statistically significant for both cities. 

This result opposes other studies that found areas with high number of residents over 65 years of 

age had lower percentage of NDVI cover (Kerns and Watters 2012). This finding is of particular 

interest because elderly people are more vulnerable to negative environmental conditions, such 

as heat, which can be mitigated by the presence of trees (Nowak 1994, 2010; Kinney et al. 2008).   

In terms of differences, there were five variables that demonstrated divergent patterns 

between the two cities: (1) population density, (2) proportion owner-occupied, (3) proportion of 

children ages 0-4 years, (4) female-headed households, and (5) mean education. First, while 

lower population density was significantly linked with increased NDVI in El Paso using OLS 

models, the findings in Juarez using spatial lag models indicate higher population density was 

significantly linked with increased NDVI. On the other hand, the correlations match in both 

cities: less density, more NDVI.  In Juarez, in the multivariate model, the directionality of the 

density finding flips from negative to positive, in El Paso it stays negative, meaning that highly-

populated neighborhoods in El Paso, where it is probably hotter, have less green spaces. Hence, 

the lack of access to greenspace may be an added concern for this variable in El Paso. It suggests 

that improved planning of green space in densely settled urban neighborhoods in El Paso city is 

needed in future urban developments.  

Second, the multivariate results for proportion owner-occupied were negative and 

significant for El Paso and positive but not nearly significant (p<.10) for Juarez.  The 
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correlations were significant in both cities (negative in El Paso and positive in Juarez).  The 

correlation in Juarez does suggest that neighborhoods with more owners do have significantly 

more greenspace as expected, but the other variables in the multivariate model make this effect 

less significant.  These results (for Juarez) are consistent with previous research that indicates 

that higher level of tree cover in neighborhoods is associated with a higher percentage of owner-

occupied housing (Heynen et al, 2006; Perkins et al, 2004).  It is surprising that neighborhoods 

with fewer owners have more greenspace in El Paso. Given the relatively high rates of home 

ownership in El Paso, low income residents are often able to buy homes, which may be part of 

the reason for this relationship.  Despite having a median household income that is $12,400 less 

than the Texas statistic, a similar percent of El Paso County residents own homes (63.6% vs 

64.5%)  (US Census Bureau, 2013) 

Third, the results for proportion of children ages 0-4 years were negative for El Paso and 

positive for Juarez but were far from significant for both cities.  The correlations were significant 

in both cities (negative in El Paso and positive in Juarez).   Therefore, the lack of access to 

greenspace may be an added health concern for children in El Paso, although this variable was 

not significant in the multivariate model. While a few EJ research studies have identified young 

children as being disproportionately distributed with greenspace (Strife and Downey 2009; 

Germany, 2009), this inequality was only found in the El Paso correlation analysis.  

Fourth, in Juarez, greater proportion of female-headed households was positively and 

significantly associated with more NDVI for the spatial lag model. While in the multivariate 

model for El Paso, the relationships were the opposite in comparison with Juarez (more female-

headed households were associated with a lower percentage of NDVI, although this was not 

significant).  The correlation analyses show that higher percentages of female-headed households 



62 

were significantly associated with less NDVI in both cities (although this coefficient was 

statistically significant only in El Paso); based on a visual inspection of the data and maps of the 

study area (Figure 2.6), this likely relates to the fact that female-headed households are more 

likely to live in the developed inner-city in both cities, which has lower percentage of NDVI. In 

Juarez, accounting for the effects of the other variables, the increased availability of greenspace 

in neighborhoods with more female-headed households emerges. 

Fifth, while the results for mean levels of education were negative and significant for 

Juarez, they were positive but not significant in El Paso.  In the correlations, the findings were 

not significant but positive in both cities, indicting weak spatial overlap between higher SES 

neighborhoods and more greenspace.  However, in the multivariate model for Juarez, lower 

mean education is significantly associated with more greenspace.  This suggests a greenspace 

advantage for those neighborhoods with lower SES. This aligns with other studies finding that 

low-income groups were not systematically disadvantaged from the distribution of greenspace 

(Nicholls, 2001; Lindsey et al, 2001; Tarrant and Cordell 1999).  

Concerning the above, the results of this study related to El Paso did not show much 

evidence of environmental inequities with respect to socially marginalized groups and a lack of 

greenspace. First, the most prevalent environmental injustice finding from the OLS model is that 

the more populated the area is, the less the availability of greenspace.  In the correlations, the 

analysis for El Paso reveals neighborhoods with fewer children and fewer female-headed 

households are greener, suggesting a spatial imbalance between the benefits of greenspace and 

the number of children and female-headed households.  In Juarez, the findings do reveal one 

injustice for socially marginalized groups in terms of greenspace: neighborhoods that have fewer 
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owners and more renters have less greenspace.  This finding is almost significant in the lag 

model. 

  Second, Juarez faces greater inequities as compared to El Paso related to overall 

greenspace distribution.  In the regression results, the patterns of inequity were stronger in 

Juarez, evidenced by larger coefficients and greater number of statistically significant findings. 

In addition, five findings were statistically significant in Juarez, whereas in El Paso, three were 

significant.  However, the findings suggest that it is the socially disadvantaged that have greater 

greenspace in their neighborhoods.  Thirdly, it is important to quantify these injustices in order to 

give urban greenspace inequity due consideration.  Incorporating considerations of equity into 

greens space planning can uphold environmental justice principles of equal access to 

environmental burdens and benefits (Flocks et al. 2011). There is also a known positive 

relationship between urban greenspace services and physical and psychological health, which is 

a primary concern of the environmental justice movement. Therefore, urban greenspace 

assessments should join the environmental justice literature in the discussion of urban amenities, 

and conversely environmental justice research should continue to expand to include studies of 

urban greenspace distribution and services. 

Overall, while EJ literature has previously addressed environmental burdens on the 

neighborhood level, only a few urban greenspace research studies have been conducted that 

focus on neighborhoods (Conway 2011; Escobedo 2006; Heynen 2003; Jennings 2012; Kerns 

and Watters 2012). This study contributes to the environmental justice literature by evaluating 

the spatial inequalities of NDVI at the neighborhood scale. However, further research is needed 

to understand the observed spatial disconnect between the urban geography of amenities and 

disamenities. 
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4.4 Limitations  

 

One limitation of my study is that it relies on data generated from Landsat 5, which has 

some limitations in terms of the accuracy when deriving NDVI and LST values. Using remotely 

sensed information from low-cost optical satellites such as Landsat means that the image 

information is insufficient for studying the height of the trees, for example. To overcome this 

problem, active imageries such as RADAR could be used in future studies. While NDVI is a 

measure of “greenness” produced by the ratio of infrared and red light that is reflected from the 

surface, other factors like sensitivity to atmospheric conditions and soil background influence the 

NDVI values (Gao, 1996; Huete et al. 2002). For instance, light from the soil surface, especially 

in semi-arid and arid environments which tend to have higher cover of bare ground, can affect 

the NDVI values by a large degree. Heute and Jackson (1988) found that the soil surface impact 

on NDVI values was greatest in areas with between 45% and 70% vegetative cover. In these 

cases, it is advisable to use another vegetation measure with better sensitivity to vegetation cover 

situations such as the Enhanced Vegetation Index.  

Other limitations are associated with the equity aspect of my study are summarized in what 

follows.  The current association between NDVI and socio-demographic characteristics does not 

necessarily reflect neighborhood conditions at the time the vegetation was planted. Identifying 

specific processes responsible for the observed patterns would require additional and substantial 

longitudinal analysis that is beyond the scope of the current study.  Non-residential areas in 

neighborhoods, including such as roads, buildings, or industrial parks, could have also affected 

NDVI distribution in the neighborhood. This has the potential to impact the findings of 

association between NDVI and neighborhood demographic data. The Mexican 2010 census did 

not collect income data at the neighborhood level and they did not collect the poverty measure 

http://wiki.landscapetoolbox.org/doku.php/remote_sensing_methods:enhanced_vegetation_index
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(related to minimum wage) that was available in 2000 (e.g., Collins et al. 2013; Grineski and 

Collins 2010; Lara-Valencia et al. 2009). Collecting the 2010 data was difficult in Juarez. Many 

houses were abandoned during 2010, which created an added challenge. With no mail form, 

census workers knocked on doors several times to ensure houses were indeed abandoned. Also, 

the continued violence made it more difficult to keep census workers safe (Licon 2010). 

While studies on urban greenspace equity have used multivariate regression analysis, the 

potential for spatial autocorrelation has not been addressed previously. This means that my 

results for Juarez may not be directly comparable with those from other studies not using a 

spatial approach.  The spatial dependence in my Juarez data also suggests the need for additional 

future research because the models probably excluded other relevant explanatory variables 

(Kissling and Carl, 2008; Lloyd, 2007).  
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Chapter 5: Conclusion 

In this work Landsat TM images of El Paso and Juarez were collected from USGS earth 

explorer web site. Summer 1984, 1990, 2000, and 2010 were selected to create Normalized 

Difference Vegetation Index (NDVI) and Land Service Temperature (LST). To characterize the 

socio-demographics of study area neighborhoods, the data were collected from 2010 Census and 

American Community Survey (ACS) (2006-2010) for El Paso neighborhoods and 2010 Mexican 

census data from the Instituto Nacional de Estadística y Geografia (INEGI) for Juarez 

neighborhoods. 

By using modern techniques such as remote sensing (RS), geographic information 

systems (GIS), and multivariate spatial regression, this research has been conducted to determine 

the equity distribution of greenspace in 2010 with respect to socio-demographics in the 

Chihuahua Desert region (El Paso and Juarez). To provide background information, the study 

first focused on identifying greenspace changes in term of increases or decreases over a twenty 

six year period from 1984 to 2010. Then the study examined the relationship between 

neighborhood heat and vegetation cover. The aim of these two descriptive analyses was in 

relation to my main focus on equity.  

The first objective in my dissertation was successful in monitoring vegetation change. 

The outputs of the analyses indicate that pixel of NDVI values for both cities varied over the 

course of the study period. The results show an observed change in NDVI across twin cities 

during the period included in the study. In the city of El Paso, the findings show increases in 

vegetation during the period from 1984 to 2010, while in the city of Juarez the findings 

demonstrate decline in vegetation from 1990 to 2010. A statistic test (a repeated measure 
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ANOVA) was also applied in order to see if statistically there significant change or not compare 

on NDVI value among years. The results indicate that the changes in NDVI were significant.  

The second objective was focused on providing context for my descriptive analysis of the 

relationship between NDVI and LST in 2012. It is well known that vegetation can significantly 

influence the urban environment through reducing temperature, improving air pollution, and 

preserving biodiversity in cities. Several studies showed that more greenspace in urban areas is 

positively related to mitigating the land service temperature (e.g., Ca, Asaeda, and Abu 1998; Oh 

and Hong 2005; Zhangyan et al. 2006; Ping  et al. 2006; Kim et al. 2005; Ozelkan et al. 2011), 

which improves the quality of life for urban residents.  This makes it an important consideration 

from an equity perspective.  Based on the NDVI and LST images it is clearly understood that 

land surface temperature is high in urban area compared to suburban areas in both cities. The 

twin cities are experiencing more heat than the surrounding rural areas mainly due lack of 

vegetative cover. Low temperature distribution regions are detected in east, west and northeast of 

El Paso, and east side of Juarez which means they are distributed in the areas with high NDVI 

value. The high temperature regions are detected at the center of both cities, where lower 

vegetation cover areas with concentration of population and built-up or core urban area.  Also the 

correlation study shows that vegetation cover and temperature have a significant negative 

correlation in both cities, meaning that the higher the vegetation coverage, the lower the land 

service temperature effect, and vice versa. 

The primary focus of this study was related to environmental equity and greenspace. 

Urban greenspace serves as environmental amenities that provide several direct and indirect 

benefits for urban residents. The equitable distribution of greenspace is an important 

consideration because planting and management of vegetation is the primary responsibility of 
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government, and such public investment should be nondiscriminatory. There is a large body of 

work suggesting a disadvantage in the distribution of greenspace with respect to particular 

demographic and socioeconomic groups. However, only a few studies have examined these 

issues in the context of environmental equity (Heynen et al, 2006; Pedlowski et al, 2002; Perkins 

et al, 2004) and none of these studies has specifically focused on an arid and semi-arid region. 

Based on the regression results, in El Paso there are few inequities related to socially 

vulnerable groups having less access to green space; and serious inequity related to the lack of 

greenspace in high density urban neighborhoods. In Juarez, the association between 

neighborhoods with more renters and less greenspace conforms to a traditional pattern of 

inequity. The only “traditional EJ finding” in Juarez  is the association between neighborhoods 

with more renters and has less greenspace conforms to a traditional pattern of inequity.  

The study also shows that Juarez faces greater inequities as compared to El Paso related 

to overall greenspace distribution. First, based on GIS and remote sensing results, the percentage 

of NDVI in the average El Paso neighborhood was nearly 2.3 times higher than for Juarez 

neighborhoods, meaning that El Paso residents experience higher levels of NDVI relative to 

Juarez residents. According to correlation results for LST and NDVI, greenness resulted in more 

cooling.  Therefore since El Paso witnessed increases in NDVI and few inequities with regards to 

socially marginalized groups having lower levels of NDVI, there is less of a concern in regards 

to socially vulnerable groups having less access to green space in this city in the future. While in 

Juarez, it witnessed a decrease in NDVI and is therefore probably getting hotter.  While the 

regression results showed that socially disadvantaged groups live in greener neighborhoods in 

2010, there is more of a concern with respect to socially marginalized groups having less NDVI 

in the future, if levels of NDVI continue to decrease in the city.  
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5.2 Practical Implications 

 

The research reported in this dissertation took on the task of examining inequity in 

greenspace across the El Paso and Juarez metropolitan region. Urban greenspaces serve as 

environmental amenities that provide several direct and indirect benefits for urban residents. An 

uneven distribution of greenspace reflects an inequality in the benefits they provides to residents 

(Kerns and Watters 2012). By providing information on greenspace distribution, the present 

study was able to present a clear picture of greenspace across the region and infer from this 

disadvantages and advantages experienced by specific groups and the larger implications of these 

relative to their health. The contributions of the present dissertation are largely empirical and 

methodological, with broader implications for the fields of urban geography, environmental 

justice research, and active living research.  A focus on proximity to amenities is limited in 

environmental justice literature, especially in arid and semi-arid regions, which traditionally 

focuses on proximity of minority groups to disamenities. This study contributes to literature on 

environmental equity and urban greenspace in that it assesses the spatial inequalities of urban 

greenspace distribution by neighborhood in arid region. The twin cities El Paso and Juarez 

should implement policies to address current disparities by targeting tree planting within 

available planting areas. 
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Appendix 

Appendix 1: 

1.1 Change detection map for El Paso, 1984-1990 
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1.2 Change detection map for El Paso, 1984-2000 
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1.3 Change detection map for Juarez, 1984-1990 
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1.4 Change detection map for El Paso, 1984-2000 
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