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Abstract 

Extreme heat events are the number one cause of weather-related mortality in 

North America.  Future climate scenarios suggest that heat waves are expected to 

increase in both frequency and intensity over the course of the next century. The 

collective impacts of global climate change and the urban heat island (UHI) have 

drawn major attention to health risks associated with urban heating.  The variation of 

temperatures due to differences of land composition within the urban environment also 

allows for the possibility of extreme temperatures to greatly impact certain social and 

demographic groups more than others.  Previous climate justice studies have 

demonstrated that certain demographic groups disproportionately bear the effects of 

elevated temperatures in urban areas, but very few of these studies have investigated 

how the spatial pattern of urban heating and affected populations have changed.  

This study extended climate justice research through a case study on Marion County, 

Indiana, and Allegheny County, Pennsylvania, by examining changes in social and 

spatial inequalities of the distribution of urban heat between 1990 and 2010.  To 

examine these changes, this study employed United States Census Data as well as 

Landsat TM and ETM+ imagery to determine heat-related vulnerability at an intra-urban 

level (census block group).  The results of this study indicated that income and level of 

education were most highly associated with land surface temperatures, and that the 

populations most exposed to elevated urban temperatures change with time. 
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1 - Introduction 

1.1 - Introduction 

In the past century, the global patterns of human settlement have dramatically 

shifted from rural to urban living.  Only ten percent of the global population resided in 

cities at the beginning of the twentieth century.  However the global urban population 

had, for the first time in history, exceeded that of the rural population in 2008.  In the 

industrialized world, including the United States, the proportion of urban dwellers was 

already as high as eighty percent (Birch & Silver, 2009; Grimm et al., 2008).  It has been 

predicted that in less than a century, the global urban population will grow by as much 

as six hundred percent (Seto et al., 2010).   

The dramatic increase of human population in cities has had major impacts on 

the environment at both local and global scales.  As urban populations increase, the 

physical extent of cities must increase in order to accommodate additional living 

space.  When a landscape is modified through urbanization, the surrounding 

environment can be dramatically altered.  As grass, forest, and soil are replaced with 

concrete and buildings, the processes of energy, water, and air movement are 

affected, thus changing local climate (Oke, 1987).  One of the greatest examples of 

human impact on local climate is the phenomenon of the urban heat island (UHI), 

which is the characteristic of urban areas being inherently warmer than their adjacent 

rural areas.  On average, urban air temperatures may be 1-3˚C warmer than that of 

surrounding rural environments.  Under certain meteorological conditions, air 

temperatures in cities can be as much as 10˚C warmer than surrounding rural areas 

(Oke, 1981).  UHIs have been widely documented as a phenomenon that occurs in 
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cities across the globe (Chen et al., 2006; Connors et al., 2013; Cui & de Foy, 2012; Kato 

& Yamaguchi, 2005; Yuan & Bauer, 2007; Zhou et al., 2014).  While the growth of an 

individual city has had minimal impact on global climate, the collective ramifications of 

city growth, worldwide, has significantly contributed to global climate change (GCC).  

Greenhouse gases, deforestation, desertification, and loss of biodiversity are largely 

driven by the increase in global population and disproportionate consumption of 

resources by urban populations (Grimmond, 2007).  As GCC continues to progress, it is 

expected that temperatures in the midwestern United States may increase by 1.5-5.5˚C 

by the end of the twenty-first century (Revi et al., 2014). 

The combined effects of UHIs and GCC have drawn major attention to health 

risks associated with urban heating.  In North America, extreme heat events are the 

number one cause of weather-related mortality (Johnson, 2009).  The impacts of 

elevated urban temperatures are especially evident during heat waves, which are 

extended periods of unusually high atmosphere-related heat stress (Robinson, 2001).  

When temperatures exceed the range of expected climate variability, rates of human 

morbidity and mortality increase.  Exposure to extreme heat, especially where 

populations are not accustomed to higher temperatures, is associated with larger 

numbers of human morbidity and mortality (Kalkstein & Greene, 1997).  Recent heat 

waves in the past few decades have also raised awareness of the risks associated with 

heat-related hazards.   In the 1995 heat wave of Chicago, there were at least 700 

excess deaths due to extreme heat (Semenza et al., 1996).  The European heat wave in 

August of 2003 was responsible for an estimated 35,000 deaths (Semenza et al., 1996).  

Some climate models estimate that heat waves will be more intense, last longer, and/or 

occur more frequently in years to come (Meehl & Tabaldi, 2004).  Populations in the 
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midwestern United States are more likely to experience the greatest number of heat-

related illnesses and deaths in response to heat waves because those are regions 

where extremely high temperatures occur infrequently or irregularly (McGeehin & 

Mirabelli, 2001). 

When investigating urban heat and its impacts on local populations, it is 

important to understand that land surface temperatures (LST) are not distributed evenly 

throughout a city.  Due to variation in land composition, there are warmer and cooler 

locations within urban areas (Buyantuyev & Wu, 2010; Chen et al., 2006; Connors et al., 

2006; Jenerette et al., 2007; Maimaitiyiming et al., 2014; Yuan & Bauer, 2007).  The results 

of UHI studies have revealed that vegetation (Maimaitiyiming et al., 2014; Weng et al., 

2004), impervious surfaces such as concrete and buildings (Chen et al., 2007), land use 

(Connors et al., 2013; Zhou et al., 2014), seasonal variation (Liu & Weng, 2008; Weng et 

al., 2008), and anthropogenic heat (Kato & Yamaguchi, 2007) all contribute to variation 

of LSTs within urban areas.  In general, areas with more vegetation have relatively lower 

temperatures compared to areas with less vegetation (Buyantuyev & Wu, 2010; Chen 

et al., 2006, Liu & Weng, 2008).  In contrast, areas with more impervious surfaces have 

higher LSTs compared to areas with less impervious surfaces (Liu & Weng, 2008; Oke, 

1976; Weng et al., 2001).   

The variation of temperatures within the urban environment also allows for the 

possibility of extreme temperatures to greatly impact certain social and demographic 

groups more than others.  Numerous studies have verified this possibility, demonstrating 

that certain demographic groups disproportionately bear the effects of elevated 

temperatures in urban areas (Chow et al., 2012; Harlan et al., 2006; Hondula et al., 2012; 



4 
 

Johnson et al., 2009; Johnson et al., 2014; McGeehin & Mitchell, 2001; Mitchel & 

Chakraborty, 2014).  In recent decades, the exposure of disproportionate heat-related 

health risks to certain demographic and social groups has caused some urban heat 

studies to be a matter of Environmental Justice (EJ) research.  EJ means that “no group 

of people, including racial, ethnic, or socio-economic groups, should bear a 

disproportionate share of the negative environmental consequences resulting from 

industrial, municipal and commercial operations or the execution of federal, state, 

local, and tribal programs and policies” (Bullard, 1999, 7).  Social vulnerability is a term 

often used in EJ research to describe the concept that certain demographic, 

socioeconomic, and housing characteristics make certain people more susceptible to 

the adverse impacts of hazards (Mitchell & Chakraborty, 2014).  Certain demographic 

groups are naturally vulnerable to the hazards of extreme heat, including the poor, 

those of low social economic status, children, and the elderly.  Studies for different cities 

throughout the United States have shown that these at-risk groups also tended to be 

more highly exposed to heat-related health risks (Chow et al., 2012; Harlan et al., 2006; 

Hondula et al., 2012; Johnson et al., 2009; Johnson et al., 2014; McGeehin & Mitchell, 

2001; Mitchel & Chakraborty, 2014).  

While there have been many studies in recent years on mapping socially 

vulnerable groups in relation to areas with higher temperatures, few studies have been 

performed on how patterns of social vulnerability have changed over time.  Chow et. 

al (2012) mapped and compared differences between social vulnerability patterns for 

Phoenix, Arizona between 1990 and 2000, and noted that locations of the highest 

temperatures had shifted over time, thus changing the populations that were exposed 

to extreme heat.  The limitation of this study is that the authors used meteorological 
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weather to obtain temperatures, which is not an uncommon practice in environmental 

justice studies (Hondula et al., 2013; Harlan et al., 2006).  While air temperatures 

collected from weather stations may be more accurate, these stations are often not 

sufficiently distributed throughout the city in order to provide an accurate 

representation of temperature variation within a complex heterogeneous urban area 

(Hu et al., 2012; Zhang et al., 2014).  Johnson et al., (2014) mapped changes in social 

vulnerability for three midwestern U.S. cities for the years 1990, 2000, and 2010, using 

satellite imagery to collect LSTs, and noted that changes in LST patterns and the 

demographics groups affected were different for each city.  As urban areas are 

expected to be especially vulnerable to heat waves as GCC continues, it is necessary 

to continue research in exploring patterns of social vulnerability and learn how those 

patterns have changed over time in order to better prepare for mitigation of heat-

related hazards. 

 The purposes of this study are 1) to improve upon past methods of previous EJ 

studies by incorporating remote sensing techniques, and 2) to extend environmental 

justice research through a case study that examines changes in social and spatial 

inequalities of the distribution of urban heat over time.  Identifying areas where higher 

temperatures are more likely to occur and where they overlap with vulnerable 

communities is critical to mitigating efforts to avoiding morbidity and mortality, and can 

provide for more efficient and equitable allocation of resources when heat-related 

hazards occur.  Understanding how these patterns change over time can also aid in 

predicting where the most vulnerable populations will be. 

By using United States Census data to collect social and economic variables, 
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and satellite remote sensing data to extract LST, vegetation, and impervious surface 

variables, three objectives of this study are 1) to determine areas where socially 

vulnerable groups are most at risk for two cities of similar size but different population 

densities 2) to examine the changes in social vulnerability for each city over the years 

1990, 2000, and 2010, and 3) to note and compare any similarities between patterns 

and pattern changes in these cities in regard to groups affected, locations, and their 

relation to changes in urban structure. 
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2 - Literature Review 

Evidence of the urban heat island (UHI) phenomenon dates back as early as 

the nineteenth century, when Howard (1833) recorded meteorological data for 

London and noted that air temperatures are often higher in the city compared to 

surrounding rural areas.  Over a century later, Nieuwolt (1966) conducted the first 

systematic study of the UHI by recording temperatures at numerous point locations 

throughout and beyond Singapore.  This study also concluded that inner city 

temperatures are dramatically higher compared to those of outlying areas (Nieuwolt, 

1966). 

In the past 50 years, UHIs have been widely documented and studied across 

cities of all different sizes and climate regions (Chen et al., 2006; Connors et al., 2013; 

Cui & de Foy, 2012; Kato & Yamaguchi, 2005; Yuan & Bauer, 2007; Zhou et al., 2014). It 

is now commonly known that when landscapes are modified through urbanization, 

the dynamics and processes of energy, water, and air movement are dramatically 

altered (Oke, 1978). Replacing vegetation with impervious surfaces such as concrete, 

asphalt, and building materials results in a locally warmer microclimate compared to 

that of surrounding, more naturally vegetated areas (Oke, 1995). The UHI is one of the 

most significant examples of inadvertent man-made climate change, and the study 

of UHIs parallels with today’s growing concern over human impact on the 

environment. 

According to Oke (1982), an UHI can be described as a “dome” of warmer air 

over the top of a city, such that the dome’s edges follow the outline of built-up area 

for much of the city’s perimeter. This phenomenon is portrayed as heat “island” 

because the localized heating occurs mainly within the city, isolated from the rest of 
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the surrounding area. Windward air flowing from cooler, more vegetated rural areas 

experiences a dramatic shift, both in direction and temperature, when it encounters 

the urban environment. Taller buildings act as a “cliff” that forces this air upward. The 

air’s temperature rises significantly at this point because it encounters radiation from 

the urban surface.  As this air mass travels across the city, the experienced 

temperature gradient will be less dramatic compared to the rural/urban boundary. In 

the most basic of senses, the warmest temperatures will be near the urban core, and 

cooler temperatures will be closer to the city periphery. Localized warm or cool spots 

also can be found in the city. A park or water body may be relatively cool, whereas a 

shopping center or industrial area may be relatively warm. When wind flows out of 

the city, these relatively warmer temperatures may be advected slightly downwind 

into the leeside rural areas (Oke, 1982). 

When comparing urban temperatures to the surrounding rural temperatures, 

one aspect to note is their difference in their warming and cooling patterns. Rural 

areas experience more rapidly cooling temperatures after sunset compared to urban 

areas. Urban areas do not cool off as quickly as rural areas due to stored radiation 

being re-emitted from impervious surfaces. The largest contrast between urban and 

rural temperatures often happens at night (Gallo & Owen, 1999; Oke, 1982). 

Oke (1978) was the first to suggest that there are two significant vertical layers 

within the UHI. The layer residing between the physical ground and the roof-level of 

city buildings (0 to 0.5 km in height) shall be referred to as the Urban Canopy Layer 

(UCL).  
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Figure 2.1: Urban Boundary Layer and Urban Canopy Layer (Source: 

http://thebritishgeographer.weebly.com/urban-climates.html) 

 

In the UCL, air flows in between buildings, with roads acting almost as canyons 

through which this lower-level air flows. Above the UCL is the Urban Boundary Layer 

(UBL), which starts at roof level and extends upward (0.5 to 1.5 km in height above 

the UCL), domed over the city in the convective mixed (or lowest) layer of the 

atmosphere. The UBL is similar in structure and dynamics to the convective mixed 

layer in rural areas, but because the UBL is over the city it often contains more 

turbulent, warm, polluted, and dry qualities. The vertical extent of the UBL is small in 

magnitude compared to that of the entire atmosphere; however, it does reside 

through a significant portion of the convective mixed layer (Oke, 1995). 

UCL temperatures are often warmest by day and coolest at night. On the 

contrary, UBL temperatures are warmest at night, and can even be cooler than 

air of similar height in rural areas during the day (Oke, 1982, 1995).  This can be 
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explained through radiation cooling, which allows a temperature inversion to form 

in the evening. Long-wave energy that has been absorbed by the ground and 

other structures during the day slowly radiates upward, rising into the atmosphere. 

Consequently, as this heat rises and leaves the surface it causes upper layers of 

the air to be warmer compared to the cooling air closer to the surface. This 

temperature inversion can extend as high as 100-300 meters.  Although multiple 

studies in the past 30 years have greatly expanded what is known about UHIs, the 

generalizations offered by Oke (1982) have remained largely unchanged 

(Arnfield, 2003). 

 Within cities there are warmer and cooler areas due to differences in land 

surface materials and geometry (Voogt & Oke, 2003).  When it comes to measuring 

and quantifying the spatial layout of LSTs in urban areas, there are several approaches 

that could be taken. The first method is through collecting data from weather stations 

located throughout the urban environment (Chow et al., 2012; Harlan et al., 2006; 

Hondula et al., 2012). This is the most direct way to attain on-site measurements 

(normally referred to as in-situ measurements). While properly installed thermometers (in 

regard to height, exposure to sunlight or shade, distance from potentially interfering 

heat sources) can measure the exact temperature at a given location, it is nearly 

impossible to place enough thermometers to provide an accurate representation of 

temperature variation within a complex heterogeneous metropolitan city (Hu et al., 

2012; Zhang et al., 2013).  The second method is to focus on quantifying surface energy 

budgets. This involves taking an inventory of contributing sources of heat, such as 

factories, commercial buildings, vehicles, and residential population, in order to analyze 

their energy output as well as their spatial distribution. While this approach can 
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determine the major sources of heat in a given area, it has strong limitations in terms of 

timeframes and number of sites due to constraints of resources and feasibility (Hu et al., 

2012). 

The third option for exploring spatial distribution of land surface temperatures is 

through the use of remote sensing. Satellite sensor platforms in orbit allow for 

exploration of land surface features over large areas and across different spatial 

resolutions.  For the observation of a small portion of the earth’s surface, such as a 

heterogeneous metropolitan area, it is important to choose a remote sensor that is 

capable of providing accurate data at an appropriate spatial resolution (Liu & Weng, 

2009).  

Satellites such as the Advanced Spaceborne Thermal Emission and Reflection 

Radiometer (ASTER) (Buyantuyev & Wu, 2010; Connors et al., 2013), Moderate 

Resolution Imaging Spectroradiometer (MODIS) (Cui & de Foy, 2012), and Landsat 

Thematic Mapper (TM) and Enhanced Thematic Mapper Plus (ETM+) (Huang et al., 

2011; Kato & Yamaguchi, 2007; Maimaitiyiming et al., 2004; Weng, 2004; Zhang, 2013; 

Zhou, 2014) have been used to investigate UHIs at a local and regional scale. Land 

surface temperatures can be calculated based on the thermal radiation emitted by 

surface materials. Satellite thermal infrared sensors measure top of atmosphere (TOA) 

radiances from which brightness temperatures emitted from land surfaces (also known 

as blackbody temperatures) can be derived using Plank’s law (Dash et al., 2002).  

Temporal availability due to orbit patterns and spatial resolution of satellite 

imagery needs to be considered when selecting a satellite sensor.  For example, Cui 

and de Foy (2012) chose to collect MODIS imagery because the sensor is on board 

both the Terra and Aqua polar-orbiting satellites, which pass over the equator twice a 
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day. Since orbital patterns of the Terra and Aqua satellites are temporally offset, 

allowing for day and night data collection to be performed, the MODIS platform can 

allow for observations of an area to be taken four times daily.  However, the 

disadvantage for this sensor is that the spatial resolution( 250 x 250 meters per pixel for 

visible channels and 1 x 1 km for infrared channels) is relatively low compared to other 

sensors (Wan, 2006).   

Due to the finer spatial resolutions of the thermal infrared bands, Landsat TM, 

Landsat ETM+ and ASTER have been more commonly used to study LST patterns in 

urban areas (Buyantuyev & Wu, 2010; Connors et al., 2013; Grineski et al., 2012; 

Johnson et al., 2014; Maimaitiyiming et al., 2004; Weng et al., 2004; Zhang et al., 2013; 

Zhou et al., 2014 ).  Landsat TM and ETM+ have a 30 x 30 meter resolution for visible, 

near infrared (NIR), and middle infrared (MIR) channels.  In regard to thermal data, 

Landsat TM has a 120 x 120 meter resolution and Landsat ETM+ has a 60 x 60 meter 

resolution.  ASTER has a 15 x 15 meter resolution for visible, NIR, and MIR channels and 

a 90 x 90 meter resolution for thermal data. The downside with these sensors is that 

their orbital patterns do not allow them to pass over as frequently as the MODIS 

sensor.  Landsat sensors revisit the same location only once every 16 days (Jet 

Propulsion Laboratory, 2002; USGS, 2013).  Because each of these satellite sensors can 

collect data for the same location twice a month, Landsat TM and ETM+ images are 

often analyzed to study and compare LSTs over a large span of time (Liang & Weng, 

2011) or to compare seasonal variability (Buyantuyev & Wu, 2010; Myint, 2013; Yuan & 

Bauer; Zhou 2014).  When selecting a specific image from a satellite sensor, elements 

such cloud cover, snow cover, conditions of atmosphere, and hydrology also need to 

be taken into consideration (Chen et al., 2006). 
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A significant challenge when using satellite data is the differences in spatial 

resolution between thermal and multispectral data. While land cover data sources 

have continued to be available at a finer scales (such as 30 x 30 meters), thermal 

resolution is available at a relatively lower spatial resolution (60 x 60 meters, 90 x 90 

meters, or 120 x 120 meters) thus not providing as much fine detail (Wentz et al., 2014).  

In a recent study, high resolution land feature variables were compared to LST 

patterns to see if this could increase the explanatory power of land features and LST 

variation (Zhou et al., 2014).  The results of this study demonstrated that although 

finer land cover data could potentially explain relationships between LSTs and surface 

features in more detail, these relationships cannot be confirmed due to the lack of 

improvement in thermal data.  

In order to compare spatial variation of LSTs to surface features, such as 

vegetation and impervious surfaces, it is a common approach for researchers to 

classify land features into different land cover categories (Buyantuyev & Wu, 2010; 

Connors et al., 2013; Liang & Weng, 2011; Liu & Weng, 2008; Zhou et al., 2014).  With 

the exception of water sources, combinations of impervious surface material, green 

vegetation, and exposed soil are the most fundamental components of the urban 

ecosystem in regard to their contrast with the surrounding environment, as well as 

contrasts within the city. Since each of these three substances reflect, absorb, and 

emit energy in different ways, they all have a significant impact on the dynamics and 

distribution of energy and moisture (Ridd, 1995). Classifying pixels from an image into 

a land cover category depends on the brightness values of pixels. Pixel brightness 

values represent either one homogeneous land cover or the combination of different 

land-cover classes (Myint et al., 2006).  The spatial resolution of each image needs to 
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be considered when determining which method to use for classification.  Coarser to 

medium resolutions, such as Landsat or ASTER data, will often result in mixed pixels that 

contain multiple land cover types. For example, a pixel in a Landsat image represents 

an area of 30 x 30 meters, meaning that the spectral signature of that pixel can easily 

capture a house, tree, and street all from that same area. Therefore, it is important to 

determine how much generalization of the data is acceptable when determining 

which method to use for land cover classification.  

Much research has been dedicated to explaining the relationship between 

vegetation and LSTs.  In general, vegetation zones have relatively lower temperatures 

compared to those of surrounding areas (Buyantuyev & Wu, 2010; Chen et al., 2006; 

Liu & Weng, 2008). This is due to the process of vegetation selectively absorbing 

radiation and performing evapotranspiration instead of re-emitting that radiation 

back into the environment (Myint et al., 2006). Likewise, a higher level of latent heat 

exchange, as opposed to sensible heat exchange, is found with more vegetated 

areas (Oke, 1982).  A decrease of vegetation area in urban areas is thought to be the 

most significant contributor to UHI effect, especially on summer days (Gallo & Owen, 

1999; Kato & Yamaguchi, 2005). Vegetation location and intensity can also indicate 

areas of certain socioeconomic status, especially in arid climates (Jenerette et al., 

2007; Buyantuyev & Wu, 2010). 

The Normalized Difference Vegetation Index (NDVI) has been widely used in 

remote sensing to quantify the relative amount of photosynthetically active 

vegetation on the earth’s surface (Wentz et al., 2014). This vegetation index is a 

function of visible and NIR reflectance from plant vegetation canopy, reflectance of 

the same spectra from soil, and reflectance from the atmosphere. When an image is 
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classified by an index value such as the NDVI, a grayscale image is produced where 

pixel brightness values are based on their strength of association with a variable.  

Higher brightness values of NDVI generally indicate a larger quantity of healthy 

biomass in an image (Tucker et al., 1985).  Plant species, leaf area, soil background, 

and shadow can all contribute to the NDVI variability (Jasinski, 1990).  Because the 

NDVI is expressed as a normalized ratio between the lowest brightness value and the 

highest brightness value, all possible values on a NDVI image range between -1 and 1.  

Therefore, NDVI values can be compared across different images from different time 

periods.  As given that vegetation lowers LSTs, it makes sense that there is a negative 

relationship between NDVI and LST (Yuan & Bauer, 2007).  NDVI varies seasonally, and 

thus is most effectively used in summer and early autumn when comparing with LSTs. 

Another important factor that affects the variation of LSTs is impervious surface 

area. Impervious surfaces cannot be penetrated by water, and are primarily related 

to transportation (streets, highways, parking lots, sidewalks) and building rooftops 

(Yuan & Bauer, 2007), which are usually associated with urban land use types. 

Numerous studies have shown that the higher the urban intensity or imperviousness, 

the higher the land surface temperature (Liu & Weng, 2008; Oke, 1976; Weng et al., 

2001). This is due to the fact that when impervious surfaces are present there is less 

vegetation to absorb and transform radiation, thus allowing radiation to be absorbed 

and re-emitted by the impervious surface back into the atmosphere (Oke, 1982). To 

isolate impervious surface area using satellite imagery, some studies have employed 

an index such as Normalized Difference Built-Up Index (NDBI), which is a fraction 

using MIR and NIR bands (Chen et al., 2006; Liang & Weng, 2011).  

Soil is another influencing factor for variation of LSTs. When classifying 
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remotely sensed images there can be some difficulty in distinguishing between soil 

and impervious surface features due to their similar spectral characteristics (Chen 

et al., 2006; Lu & Weng, 2006; Ridd, 1995). Likewise, soil can often interchange with 

vegetation since bare and semi bare lands caused by vegetation degradation 

often have a scattered pattern and irregular shapes (Chen et al., 2006).  Bare soil 

can be extracted using the Normalized Difference Bareness Index (NDBaI), which is 

a ratio using red and NIR bands. This index can be useful when it is essential to 

distinguish between bare and semi-bare land (Chen et al., 2006).  Myint et al. 

(2013) observed that unmanaged soil covers can be physically powerful as 

impervious surface areas in increasing the UHI effect. However, it is important to 

note that this 2013 study took place in semi-arid Phoenix, Arizona, and thus bare soil 

may not have as much of an influence on areas with different soil composition or 

contributing surface area. 

Water typically does not take up as much surface area in an urban 

environment as other land cover types, though it does play an important role in 

moderating land surface temperatures. Water usually shows higher temperatures 

compared to surrounding areas at daytime in the winter, but has lower temperatures 

at daytime in the summer (Liu & Weng, 2008). This is due to water’s high heat capacity 

in comparison to other types of surfaces (Chen et al., 2006). Water can be extracted 

by the Normalized Difference Water Index (NDWI) which is a ratio of NIR and MIR 

bands (Chen et al., 2006). 

Urban areas cover only a small portion of the earth’s surface, and their 

local impacts on moisture, thermal, and kinematic effects extend only a few 

kilometers downwind of their locations.  However, greenhouse gas emissions from 
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the development and operation of cities are significant and contribute to the 

increase of both local and global temperatures (Grimmond, 2007).  Growing 

concern has been placed on how much global climate change (GCC) will have 

an impact on urban temperatures.  Some research has suggested that 

temperatures in urban temperatures may also be rising (Brazel et al., 2007).  By 

2025, average temperatures in the midwestern United States may increase as 

much as 1.5˚C, with a possible increase of 1.5-5˚C by the end of the twenty-first 

century.  Many of the risks that accompany GCC impact urban areas (Revi et al., 

2014), including risks of increased extreme heat events (Meehl & Tebaldi, 2004).  

The combined effects of UHI and GCC can greatly impact human health, 

comfort, and well-being.  The effects of elevated urban temperatures are especially 

burdensome during heat waves, which are defined as extended periods of unusually 

high atmosphere-related heat stress, which causes temporary modification of lifestyles 

and may have adverse health consequences for the affected population (Robinson, 

2001).  Heat waves have the greatest impact in areas where populations are not 

accustomed to higher temperatures (Curriero et al., 2002).  Exposure to extreme heat is 

associated with increased morbidity and mortality compared to more “normal” 

temperatures associated with time of year in a given location (Kalkstein & Green, 1997).  

In general, when the summer temperatures exceed 5.5˚C (10˚F) or more above 

average, incidences of heat-related illness dramatically increase (Larsen, 2003). Hot 

days occurring earlier in the summer season have a larger impact than those occurring 

later in the season (Patz et al., 2005).  However, when temperatures exceed the range 

of expected climate variability, larger numbers of morbidity and mortality occur.  In the 

1995 heatwave of Chicago, there were at least 700 excess deaths due to extreme heat 
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(Semenza et al., 1996).  The European heatwave in August of 2003 claimed an 

estimated 35,000 lives.  In France alone, 14,802 people died due to temperatures 

reaching above 40˚C (104˚F) and remaining unusually high for a two week period 

(Larsen, 2003).  In terms of North America, populations in the midwestern and 

northeastern United States are more likely to experience the greatest number of heat-

related illnesses and deaths in response to heat waves because those are regions 

where extremely high temperatures occur infrequently or irregularly (McGeehin & 

Mirabelli, 2001). 

When the human body is subjected to extreme heat, the body still attempts to 

maintain its ideal temperature through varying blood circulation and perspiring (Souch 

& Grimmond, 2004).  However, under some conditions sweating is not sufficient for 

maintaining body temperature.   For example, high humidity reduces the ability for 

perspiration to evaporate, thus rendering sweating as an inefficient cooling method 

(CDC, 2006; Souch & Grimmond, 2004).  Other conditions that can limit the ability to 

regulate body temperature include old age (65 or more), youth (age 0-4), obesity, 

fever, dehydration, heart disease, mental illness, poor circulation, sunburn, prescription 

drug use, and alcohol use (CDC, 2006).  Young and elderly persons have reduced 

heat-regulating mechanisms that make them more sensitive to extreme temperatures, 

as well as restricted mobility which thus limits their control over their own environment, 

including access to fluids (McGeehin & Mirabelli, 2001).  

Heat related illnesses occur when the body has been strained due to extreme 

heat, and can vary in the form of rash, cramps, exhaustion, or even stroke.  Heat stroke 

is the most severe of heat-related illnesses, and occurs when the body is unable to 
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control its temperature.  During a heat stroke, body temperatures can rise as high as 

41˚C (106˚F) within 10 to 15 minutes, and can cause permanent disability or even death 

if proper medical treatment is not administered in time (CDC, 2006).  Very high body 

temperatures can cause damage to the brain or other vital organs (CDC, 2006).  Heat 

stroke is the most common cause of death associated with heat.  Other causes of 

death tend to increase during heat waves, including ischemic heart disease, diabetes, 

stroke, respiratory diseases, accidents, violence, suicide, and homicide.  However, 

medical examiners tend not to attribute these causes of death as heat related even 

when it would be appropriate to do so (McGeehin & Mirabelli, 2001). 

As GCC continues, it is important to study how heat waves impact human 

populations, especially in urban areas where the effects of high temperatures are 

exacerbated by UHIs.  The analysis of temperatures in urban areas is a growing area 

of research.  In the past decade, census data has been employed to explore human 

and socioeconomic factors and examine their relationships with LST variation 

(Buyantuyev & Wu, 2010; Grineski et al., 2012; Jenerette, 2007; Johnson et al., 2014; 

Weng et al., 2006). Census data is often in the form of digital Geographic Information 

Systems (GIS). Integrating census data with remotely sensed land surface features 

can allow for population, demographic, and socioeconomic elements to be 

incorporated as variables in determining their relationships with LSTs.  Since 

temperatures do not impact all locations equally, it is important to empirically study 

whether certain demographic and socioeconomic groups are disproportionately 

exposed to areas of relatively higher temperatures, and to what extent these 

disproportionalities are significant. 
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Environmental Justice (EJ) is the belief that “no group of people, including racial, 

ethnic, or socio-economic groups, should bear a disproportionate share of the negative 

environmental consequences resulting from industrial, municipal, and commercial 

operations or the execution of federal, state, local, and tribal programs and policies” 

(Bullard, 1999, 7).  EJ originated in the 1980’s a social movement, known then as 

environmental racism, which attempted to awaken mainstream middle class 

environmentalists to the fact that ecological risks were much greater for people of color 

and poor communities.  The first protest of environmental racism that received national 

attention came in 1982 when civil rights activists organized to stop the state of North 

Carolina from dumping 120 million pounds of soil contaminated with polychlorinated 

biphenyls (PCBs) in Warren County, which had the highest proportion of African 

Americans in the state (Mohai, 2006).  This raised the emerging movement of 

environmental racism as a political and academic issue within the United States, 

focusing first on hazardous waste sites (US Gen. Account. Off., 1983), and spreading to 

other issues later such as air pollution (Chakraborty, 2009) and undesirable land uses.  At 

present, there are now hundreds of studies on EJ that conclude, as a rule, that ethnic 

minorities, indigenous persons, people of color, and low-income communities bear a 

higher burden of environmental exposure from air, water, and soil pollution from 

industrialization, militarization, and consumer practices (Mohai et al., 2009).   

Climate justice is a growing subfield of EJ that focuses on the inequitable 

distribution of the impacts of GCC.  While GCC is an international concern that has 

impacts at a large spatial scale, the combined effects of GCC and UHI create a 

hazard at a local level that disproportionally impacts socially vulnerable groups 

(Grimmond, 2007; Mitchell & Chakraborty, 2014).  Socially vulnerability is a term often 
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used in natural hazards research to describe the concept that certain demographic, 

socioeconomic, and housing characteristics make certain people more susceptible to 

the adverse impacts of hazards (Mitchell & Chakraborty, 2014).  In studies related to 

urban heat, social vulnerability is the state of having increased sensitivity to elevated 

urban temperatures.   

In the past two decades, across most regions of the United States, studies 

demonstrated that socially vulnerable groups, including racial and ethnic minorities, low 

income residents, and residents with fewer years of education, are disproportionately 

impacted by the effects of extreme heat events (Grineski et al,. 2012; Harlan et al., 

2006; Hondula et al., 2012; Johnson et al., 2009; Johnson et al., 2014; McGeehin & 

Mirabelli, 2001).  Earlier studies concentrated on heat-mortality rates (Curriero et al., 

2002; Kalkstein & Greener, 1997; McGeehin & Mirabelli, 2001; Semenza et al., 1996), and 

thus concluded that there are strong connections between heat-related morbidity, 

mortality and certain parameters such as socioeconomic status, health issues, and 

social welfare.  Semenza et al. (1996) analyzed the mortality rates from the 1995 

Chicago heatwave, and concluded that there were fewer deaths among people who 

had a working air conditioner or had access to an air-conditioned lobby (such as if the 

subject lived in an apartment building), and it was estimated that more than 50 

percent of deaths could have been prevented if each home had had a working air 

conditioner (Semenza et al., 1996).  Other research since then has confirmed that 

access to air conditioning is the most effective method of preventing heat-related 

deaths (Kilbourne, 2002).  Similarly, McGeehin & Mirabelli (2001) concluded from their 

study that populations living on the top floor of apartment buildings in urban areas and 

without access to air-conditioned environments experience higher rates of heat-related 
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illness and mortality.  Socioeconomic status usually indicates an ability to access or 

afford to operate necessary amenities such as air conditioning (Mitchell & Chakraborty, 

2014), and can often play a role in whether or not health care can be accessed or 

afforded (Grineski et al, 2011).  

Harlan et al. (2006) were the first to investigate intra-urban patterns of social 

vulnerability.  This differed from previous studies because it compared LST variation 

within the urban setting with areas where current residents experience the most heat-

related health risk, compared to previous urban heat studies that examined risk 

retrospectively (Curriero et al., 2002; Kalkstein & Greene, 1997; McGeehin & Mirabelli, 

2001).  Results from this study were consistent with previous research, demonstrating that 

neighborhoods with lower median incomes, lower educational attainment, higher 

poverty rates, and more minorities had significantly higher exposure to warmer 

temperatures (Harlan et al., 2006).  This study also analyzed and emphasized the 

importance of social connections in hazardous heat conditions, in that residents who 

have stronger social ties are more likely to cooperate, trust, and seek help form 

neighbors in order to cope with the effects of extreme heat.  Results of this analysis 

verified conclusions from previous studies on the 1995 Chicago heat wave, which had 

suggested that any source of social contact, even membership of a club or owning a 

pet, is associated with a decreased risk of death (Semenza et. al., 1996). 

Subsequent studies on urban heating have placed more emphasis on mapping 

social-vulnerability rather than heat-mortalities (Chow et al., 2012; Cutter & Finch, 2007; 

Grineski et al., 2012; Johnson et al., 2009; Mitchell & Chakraborty, 2014).  While many of 

the variables for these studies are similar to those in pervious research, several recent 
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studies have introduced new variables including proportion of female-led households 

(Grineski et al., 2012), foreign-born population (Chow et al., 2012), number of years in 

current residence (Chow et al., 2012), and proportion of residents with health insurance 

(Grineski & McDonald, 2011). In female-led households, women face the challenge of 

both providing for their children financially as well as caring and protecting them from 

environmental exposure, potentially putting them more at risk (Grineski et al., 2012).  

Foreign born populations, as well as residents with fewer years in their current homes, 

are more likely to have fewer social connections (Chow et al., 2012).  Additionally, 

foreign-born populations may not have as much access to information about heat 

waves and public resources available, thus putting them more at risk (McGeehin & 

Mirabelli, 2001).  The proportion of residents who have health insurance can provide 

insight into whether residents in a given area are more likely to seek medical attention 

when a heat-related illness occurs (Grineski et al., 2012).  Proportion of health-insured 

population is not a parameter directly available through the United States Census 

Bureau, and thus Grineski and McDonald (2011) constructed a detailed method to 

obtain this information which involves examining emergency-room records for 

appendicitis to see how many of those cases were uninsured.  While the proportion of 

uninsured population would be a highly desired variable for current and future studies, 

the process of obtaining this information is time-consuming and not as easily accessible 

compared to United States Census data.  Some studies suggest that insurance and 

access to proper medical care are already implied within socioeconomic variables 

such as income (Hondula et al., 2012). 

 An area of climate justice that has been less explored is the changes in patterns 

of social vulnerability over time.  Chow et al. (2011) compared spatial and 
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demographic dimensions of vulnerability for Phoenix, Arizona between 1990 and 2000, 

revealing that the landscape of social vulnerability varied significantly over time and 

space, shifting from one side of the city to the other, and thus exposing the effects of 

urban heating to more vulnerable populations.  This study revealed that the Hispanic 

population had a disproportionate exposure to extreme heat compared to other 

ethnic groups, and over time that disproportionate exposure had increased.  However, 

it must be noticed that the total Hispanic population had increased, and Hispanic 

persons were more likely to live in vulnerable areas.  This study also examined NDVI 

values in the study area to determine whether the presence of vegetation could also 

be associated with socioeconomic and temperature variables.  While the authors used 

remote sensing data to collect vegetation information, temperatures were taken from 

meteorological stations in the area.  While meteorological stations can be an accurate 

way of obtaining temperature, often times they are inadequate for characterizing the 

spatial layout of temperature variation within urban areas (Hu et al., 2012; Zhang et al., 

2014). 

 Johnson et al. (2014) recently explored changes social vulnerability in three 

midwestern cities between the years 1990 and 2010.  This study employed United States 

Census data to obtain social parameters, as well as satellite remote sensing data to 

retrieve LST, vegetation, and impervious surface information.  Results from this study 

demonstrated a different pattern of change for each city, with the author’s suggestion 

that vulnerability needs to be assessed at a local scale and needs to be reexamined 

regularly to provide the most accurate information for emergency personnel.  This study 

suggested that it may be unlikely that a universal extreme heat vulnerability model 
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could be developed for a large or national study due to the unique spatial layout and 

local qualities of each city. 

 Because exploration of the temporal aspect of social vulnerability to urban 

heating is still relatively new, it is important for researchers to continue to explore this 

matter using alternative methods to confirm or build upon previous findings.  While 

many studies have examined areas in the southern United States (Chow et al., 2012; 

Grineski et al., 2012; Mitchell & Chakraborty, 2014), less attention has been given to the 

midwestern (exception Johnson et al., 2014) United States. As future predictions suggest 

that the midwestern and northeastern portions of the United States are vulnerable to 

heat waves (McGeehin & Mirabelli, 2001) and that heat waves may be more frequent 

as global climate change continues (Meehl & Tebaldi, 2004), it is important to develop 

a method to determine which neighborhoods in urban areas are most at risk, and 

which population groups are most likely to be affected.  This information has 

implications for city planners, emergency personnel, and local law enforcement.  
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3 - Data and Methodology 

3.1 - Study Area 

 Two study areas were selected based on region, size, and location.  The first 

study area of interest is Allegheny County, Pennsylvania, which includes the city of 

Pittsburgh.  The second study area is Marion County, Indiana, which includes the city of 

Indianapolis.   

Allegheny County is located i in the southwestern portion of Pennsylvania (Figure 

3.1).  This county has a humid continental climate, with a population of 1,223,749 in 

2010, making it the second largest county in Pennsylvania and 31st most populated 

county in the United States.  Allegheny County covers an area of 1,929 km² and has a 

population density of 647 people/ km².  Within the city of Pittsburgh, which is located in 

the center of the county, the population density is much higher at 2,140 persons/ km².  

The major rivers that flow through this county are the Allegheny River and the 

Monongahela River, which converge at downtown Pittsburgh to form the Ohio River.  

Allegheny County was selected as a suitable area for this study because the 

metropolitan area in and around this county is still relatively isolated compared to 

neighboring cities, thus reducing outside influences that may impact the results. 
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Figure 3.1 – Location of Allegheny County, Pennsylvania 

 

Marion County is located in the midwestern United States in the central portion of 

Indiana (Figure 3.2).  This county also has a humid continental climate with four distinct 

seasons, typified by hot, humid summers and cold winters.  Marion County had a 

population of 903,393 in 2010, making it the largest county in Indiana and the 55th most 

populated county in the United States.  Marion County covers an area of 1,044 km² and 

has a population density of 865 people/km².  The two natural waterways that dissect 

the city are the White River and Fall Creek.  The major metropolitan area in and around 
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Marion County is isolated from other neighboring metropolitan areas, thus allowing for 

focus on this area without considering other influencing outside factors. 

 

Figure 3.2 – Location of Marion County, Indiana 

3.2 - Data 

 In this study I used remote sensing techniques, U.S. Census data, and multivariate 

statistical analyses to evaluate the socio-demographic inequities in geographic 

distribution of land surface temperatures in Allegheny and Marion counties.  The 
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following sections provide a detailed description of the specific data sources and 

methods in this research. 

3.2.1 - Spatial Resolution 

Because census data and remotely sensed data are stored in different formats, a 

common spatial resolution needs to be established. Census data is normally expressed 

in vector format, meaning they are stored in polygon shapes that represent the size of 

either city blocks or census block group levels.  Vector format is generally a more 

versatile digital format and thus more desired when sharing information with other fields, 

such as urban planning and environmental applications (Liang & Weng, 2011). In 

contrast, remotely sensed data is in raster format, or a finely pixilated grid.  For Landsat 

TM and ETM+ non-thermal data, each pixel represents an area of 30 x 30 meters. A 

single vector polygon can often cover the same area as multiple raster pixels; therefore, 

when combining these two forms of information for comparison purposes, the remote 

sensing data is usually aggregated in order to match the “scale” of the GIS vectors.  For 

this study, the smallest unit of measurement was at census block group level since this is 

the finest vector resolution publicly available for U.S. Census Bureau socioeconomic 

data.  Block group vector data was obtained in the form of a Shapefile (.shp) that can 

be used with geospatial analytical software such as ArcGIS 10.2, Erdas Imagine 14.0, 

and Geoda 1.6.7. 

3.2.2 - Census Block Group Shapefiles 

 Census block group Shapefiles for each study area for the years 1990 and 2000 

were obtained through the National Historic Geographic Information System Website 

(www.nhgis.org), since this data was not available in Shapefile form through the U.S. 
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Census Bureau website.  Census block group Shapefiles for each study area for 2010 

were obtained through the U.S. Census Bureau website (www.census.gov).   For all 

Shapefiles, each polygon corresponding to a block group had a unique identifier 

based on state FIPS, county FIPS, census tract, and census block group that made it 

possible for census data tables to be joined to this spatial information.  



31 
 

3.2.3 - Census Variables 

 Census data include a set of demographic and socioeconomic variables 

obtained from the U.S. Census Bureau.  Census years from which data were collected 

include 1990, 2000, and 2010.  Past literature has shown that people of lower economic 

status, young children, elderly, and racial minorities are particularly vulnerable to the 

health impacts of urban heating. (CDC, 2006; Cutter & Finch, 2007; Grineski et al., 2012; 

Hondula, et. al., 2012; Johnson et. al, 2009; Mitchell & Chakraborty, 2014).  Therefore, 

socioeconomic and demographic variables were obtained from the 1990, 2000, and 

2010 U.S. Census data through the NHGIS website for this study. Since the 2010 U.S. 

Census did not provide necessary socioeconomic data, 2010 socioeconomic variables 

were estimated based upon data from the 2009-2013 American Community Survey 

(ACS) 5-year estimates (Johnson et al., 2014).  Variables used in this study are listed in 

Table 3.1, and are described in detail below. 

Population Density is a standard variable often used as a control for EJ studies 

because it has been linked to influence of exposure and sensitivity of extreme heat and 

air pollution (Grineski et al., 2012; Jenerette et al., 2007; Mitchell & Chakraborty, 2014).  

Since all variables were later normalized through being divided by the amount of 

residential area in each block group (see section 3.3.6 for more details), Total 

Population was used as a control variable since the variables represents population 

density after normalization. 

 Level of education, based on highest education level obtained for persons 

above age 25, was used to indicate social class (Grineski et al., 2012).  Median 

household income was used as a more general variable to express resources to cope 
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with heat-related health risks, including access to air conditioning and proper health 

care.  While some studies included these two resources as separate variables (Grineski 

& McDonald, 2011), others have included these two implicitly within this economic 

variable (Hondula et al., 2012).  For this study, median household income was used as a 

general indicator of a household’s access to resources to either mitigate or respond to 

heat-related vulnerability.  In particular, lower income residents are more likely to live in 

higher population-density areas with less green environments, thus exposing them to 

potentially higher-temperature environments (Harlan et al., 2006; Jenerette et al., 2007).  

In regard to the values of this data, lowest income values were occasionally imputed 

when insufficient information was available, and highest income values were 

sometimes capped off at a certain threshold to protect the identity of potentially 

recognizable high income persons (United States Census Bureau, 2014).   

 Persons Below Poverty was a similar variable used, although there is an important 

distinction to be made between persons with lower income and persons below poverty: 

while Persons Below Poverty are also more likely to live in areas in higher population 

density areas with less green environments that would thus expose them to heat related 

health risks, they also may have governmental financial assistance that would grant 

them access to medical care and possibly better-accommodated housing (Grineski & 

McDonald, 2011).  Persons with lower income are less likely to have access to or are 

unable to afford heat mitigation resources, but are not necessarily below the poverty 

level. 

Race/Ethnicity was used to signify whether there are any social groups more 

likely to be affected.  This study focuses on the different racial/ethnic groups most 
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present in both study areas, including white, black, Asian, and Hispanic or Latino.  

Children (age 0-4) and elderly (age 65 or more) populations were also used since they 

are biologically the most vulnerable groups (CDC, 2006). 

All data from the Census Bureau and ACS 5-year estimates were downloaded 

from the NHGIS website in the form of .csv table containing data at the block group 

level.  Tables were converted into Microsoft Excel spreadsheets and then edited and 

organized such that only the information pertinent to this study remained.  Tables were 

then joined to their respective Shapefiles through the Table Join function in ArcGIS 10.2.  

Block groups that did not have all data present were removed from the study. 
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Table 3.1 – Variables Derived from United States Census and American Community 

Survey Estimates 

Variable Abbreviation 
Original 

Value 
Normalized Value 

Total Population TotalPop 
Population 

Count 

Population Count/Meters 

Squared 

White Only Population White 
Population 

Count 

Population Count/Meters 

Squared 

Black Only Population Black 
Population 

Count 

Population Count/Meters 

Squared 

American Indian Only 

Population 
AmerInd 

Population 

Count 

Population Count/Meters 

Squared 

Asian Only Population Asian 
Population 

Count 

Population Count/Meters 

Squared 

Hispanic Population Hispanic 
Population 

Count 

Population Count/Meters 

Squared 

Other Only Population Other 
Population 

Count 

Population Count/Meters 

Squared 

Population Age 0-4 Years AgeUnder5 
Population 

Count 

Population Count/Meters 

Squared 

Persons Age 65 and Older Age65Up 
Population 

Count 

Population Count/Meters 

Squared 

Persons Below Poverty BelowPov 
Population 

Count 

Population Count/Meters 

Squared 

Median Household Income MHHIncome Dollars Dollars 

Less than 9th Grade Less9th 
Population 

Count 

Population Count/Meters 

Squared 

Some High School SomeHS 
Population 

Count 

Population Count/Meters 

Squared 

High School Graduate HSGrad 
Population 

Count 

Population Count/Meters 

Squared 

Some College SomeCollege 
Population 

Count 

Population Count/Meters 

Squared 

Associates Degree Associates 
Population 

Count 

Population Count/Meters 

Squared 

Bachelors Degree Bachelors 
Population 

Count 

Population Count/Meters 

Squared 

Graduate or Doctorate 

Degree 
Graduate 

Population 

Count 

Population Count/Meters 

Squared 
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3.2.4 - Remotely Sensed Data 

Land surface temperatures (LSTs) derived from Landsat TM and Landsat ETM+ 

were used as the dependent variable for this study because LST is a key parameter in 

urban climate studies and is positively associated with heat related illness and mortality 

(Hondula et al., 2012).  The Normalized Difference Vegetation Index (NDVI) and 

Normalized Difference Built-up Index (NDBI) were used to quantify the presence of 

vegetation and impervious surfaces for each block group.  Landsat TM and ETM+ have 

a spatial resolutions of 60 x 60 meter for thermal bands, and 30 x 30 meter for visible, NIR, 

and MIR bands, allowing for determination of LST, NDVI, and NDBI variability in an urban 

setting.   

Images were acquired from United States Geological Survey GloVIS website 

(http://glovis.usgs.gov).  The Tables 3.2 and 3.3 show the dates and source sensors of 

images obtained for this study.  Since no suitable cloud-free images were available 

around 1990 and 2010 for Allegheny County, two images were selected for 1990 and 

two images were selected around 2010 (2007 and 2011) for masking out clouds from 

the least cloud-free images (to be discussed later in Section 3.3.3).  Cloud-free images 

were obtained for Marion County from 1991, 2000, and 2010.   
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Table 3.2 - Landsat Images for Allegheny County (Path 17, Row 32) 

Date Sensor 

July 9, 1990 TM 

July 25, 1990 TM 

August 21, 2000 TM 

July 8, 2007 TM 

August 20, 2011 TM 

 

Table 3.3 - Landsat Images for Marion County (Path 21, Row 32) 

Date Sensor 

August 25, 1991 TM 

July 8, 2000 ETM+ 

August 29, 2010 TM 

 

3.3 – Methodology 

3.3.1 - Image Preprocessing 

Before information can be extracted from a satellite image, certain pre-

processing steps need to be taken to correct any distortions or errors that may be in the 

raw satellite images.  The first process includes making sure that each image is properly 

aligned with a spatial coordinate system.  When comparing the same locations in 

different images, it is essential that pixels in the different images are aligned such that 

they represent the same point in space.  To ensure spatial alignment, each image 

needs to be geometrically corrected, which involves placing the reflected, emitted, or 

back-scattered measurements or derivative products in their proper planimetric 

location so that they can be associated with other spatial information (Jensen, 2005).   

To perform this correction on each image, pixel values from the raw image (x’,y’) 

were transferred to the same coordinate system as a spatially-correct image (x,y).  The 

Universal Transverse Mercator (UTM) coordinate system was used as the spatial 

reference system.  For this study, 40 pairs of ground control points (GCPs) were selected, 
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such that each GCP selected on the raw image was manually aligned with a 

corresponding GCP on the rectified image. From these GCPs, a first order polynomial 

model was calculated to perform the geometric correction pixel by pixel.  Root mean 

square error (RMSE) is a simple calculation that expresses the distortion of the model to 

be used for geometric rectification.  RMSE is calculated as follows: 

𝑅𝑀𝑆𝐸 =  √(𝑥′ − 𝑥𝑜𝑟𝑖𝑔)
2

+ (𝑦′ − 𝑦𝑜𝑟𝑖𝑔)
2
  (1) 

where 𝑥𝑜𝑟𝑖𝑔 and 𝑦𝑜𝑟𝑖𝑔 are the original row and column coordinates of the GCP in the 

uncorrected image and x’ and y’ are the computed or estimated coordinates in the 

corrected image (Jensen, 2005).  RMSE is calculated for all GCPs in order to determine 

which pixels have the greatest error, and to produce an overall average value. An 

acceptable threshold for average RMSE is less than one pixel (Chen et al., 2006; Jensen, 

2005; Weng et al., 2006; Zhou et al., 2014).  After the 40 GCPs have been assigned and 

an acceptable average RSME value has been reached, the image were resampled to 

30 x 30 meter output image using the nearest neighborhood method. 

3.3.2 - LST Map 

LSTs were extracted from the 1991, 2000, 2010 images for Marion County, and 

from the 1990, 2000, 2007 images for Allegheny County.  While there was a presence of 

some clouds in the 1990 and 2007 image for Allegheny County, thermal information can 

still be obtained since thermal infrared information is based on emitted radiance and 

thus is not significantly distorted by the presence of clouds.  Since NDVI and NDBI are 

being directly compared with LSTs, it was decided that the 2007 image would be most 
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appropriate of the two choices to use to represent the 2010 information for Allegheny 

County. 

LSTs were estimated through pixel brightness values from top of the atmosphere 

(TOA) (Jet Propulsion Laboratory, 2002).  Pixel brightness must first be converted to 

spectral radiance through the following equation: 

𝐿𝜆 = (
𝐿𝑚𝑎𝑥−𝐿𝑚𝑖𝑛

𝑄𝑐𝑎𝑙 𝑚𝑎𝑥
) 𝑄𝑐𝑎𝑙 + 𝐿𝑚𝑖𝑛  (2) 

where 𝐿𝜆 is spectral radiance at the sensor’s aperture, expressed in W/(m² * ster * μm), 

𝑄𝑐𝑎𝑙 𝑚𝑎𝑥= 255, 𝑄𝑐𝑎𝑙= Digital Number (DN), and 𝐿𝑚𝑖𝑛 and 𝐿𝑚𝑎𝑥are the minimum and 

maximum spectral radiances for the thermal band respectively (see Table 3.5). 

Table 3.4 - Spectral Radiances for Landsat TM and ETM+ 

Band/Sensor 𝐿𝑚𝑖𝑛 𝐿𝑚𝑎𝑥 

Band 6, TM 1.2378 15.303 

Band 6, ETM+ 3.2 12.65 

 

 Next, the spectral radiance were converted to at-satellite brightness 

temperature (i.e. blackbody temperature) under the assumption of uniform emissivity 

(Jet Propulsion Laboratory, 2002).  The conversion formula for this is as follows: 

𝑇 =
𝐾2

ln(
𝐾1
𝐿𝜆

+1)
  (3) 

where T is the effective at-satellite temperature in Kelvin; 𝐿𝜆 is the spectral radiance in 

W/(m² * ster * μm), 𝐾1 is a calibration constant in W/(m² * ster * μm),and 𝐾2 is a 

calibration constant in Kelvin.  Calibration constants can be found in Table 3.6 

(Chander & Markham, 2003; Jet Propulsion Laboratory, 2002).  
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Table 3.5 - Calibration Constants for Landsat TM and ETM+ 

Sensor 𝐾1 𝐾2 

TM 607.76  1260.56 

ETM+ 666.09  1282.71 

 

3.3.3 - Cloud Removal for 1990 and 2007 Allegheny Images 

 Because NDVI and NDBI are dependent on information from the visible and near 

infrared bands, clouds and cloud shadows can distort these values and thus are not 

desirable to be present in an image.  Because there were no cloud-free images for 

Allegheny County around 1990 and 2010, each year I had to use a combination of two 

images in order to create a cloud-free image that could be analyzed.  All cloud-

removal actions were performed using ERDAS Imagine 2014 software (see Figure 3.3). 

 To represent Allegheny County around 1990, images from July 9th and July 25th, 

1990 were chosen (See Figures 3.4 and 3.5).  While neither image was cloud-free, the 

July 25th image had fewer clouds and thus was chosen to be the base image.  Clouds 

are easy to detect with the visual eye when viewing the image through a Band 4, Band 

3, Band 2 display, and appear as bright white spots with a darker shadow that mimics its 

shape.  Cloud shadows were to the left (West) of their source cloud because these 

Landsat Images were taken mid-morning when the sun is still in the east.  To isolate the 

pixels containing clouds, areas of interest (AOI) were drawn around each cloud and 

cloud shadow area in the July 25th image. Once all cloud-impacted pixels were 

isolated, the AOI file was converted into a vector file and used to erase (clip) those 

pixels from the original image.  That same vector file was also overlayed onto the July 

9th image to extract (clip) pixels that were used for replacement.  Only a small portion 
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of the replacement pixels could not be used since there were also clouds in the July 9th 

image as well.  Once replacement pixels were extracted, they were added to the 

original image.  Pixels that were not replaced were simply left as “No Data”. 

 Similar methods were used for data representing Allegheny County in 2010.  

While the 2011 image was closer to the desired date, the 2011 image contained overall 

cloud-cover compared to the 2007.  Thus the 2007 image was used because fewer 

pixels would have to be replaced from the original image.  Methods to replace clouds 

in the 2007 image were similar to that of the July 25th, 1990 image. 

 

Figure 3.3 – Cloud Removal Steps and Processes 
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Figure 3.4 – Landsat TM Image for Allegheny County on July 25th, 1990 

 

Figure 3.5 – Landsat TM Image for Allegheny County on July 9th, 1990 
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Figure 3.6 – Landsat TM Image for Allegheny County on July 8th, 2007 

 

Figure 3.7 – Landsat TM Image for Allegheny County on August 20th, 2011  
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3.3.4 - NDVI calculation and extraction 

 The Normalized Difference Vegetation Index (NDVI) is a ratio between Red and 

NIR spectral bands, and can be expressed as: 

 

𝑁𝐷𝑉𝐼 =  
𝜌𝑛𝑖𝑟−𝜌𝑟𝑒𝑑

𝜌𝑛𝑖𝑟+𝜌𝑟𝑒𝑑
   (4) 

where 𝜌𝑛𝑖𝑟 and 𝜌𝑟𝑒𝑑 represent radiance in reflectance units for the NIR (band 4 in TM 

and ETM+) and red (band 3 in TM and ETM+) bands of the remote sensor, respectively.  

Using a model builder in ERDAS Imagine to apply the NDVI to each image, a NDVI 

image was produced for each time period of each county. 

3.3.5 - NDBI calculation and extraction 

 The Normalized Difference Built-Up Index (NDBI) is a ratio between short wave 

infrared (SWIR1) and NIR spectral bands, and can be expressed as: 

 

𝑁𝐷𝐵𝐼 =  
𝑑(𝑠𝑤𝑖𝑟)−𝑑(𝑛𝑖𝑟)

𝑑(𝑠𝑤𝑖𝑟)+𝑑(𝑛𝑖𝑟)
   (5) 

where 𝑑(𝑠𝑤𝑖𝑟) and 𝑑(𝑛𝑖𝑟) represent the digital numbers for the SWIR (band 5 of TM and 

ETM+) and NIR (band 4 of TM and ETM+) of the remote sensor, respectively.  Using a 

model builder in ERDAS Imagine to apply the NDBI to each image, a NDBI image was 

produced for each city for each time period of each county. 

3.3.6 - Normalization of Variables based on Residential Areas 

 Since not all of the land within each block group is residential, it does not make 

sense to use the entire area of the block group to represent demographic and 

socioeconomic variables (Johnson et al., 2014).  Block groups that contain larger 

amounts of land but may have little residential area can distort the results of studies that 
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pertain to population parameters (Homer et.al., 2007).  Thus, the variables need to be 

normalized by the amount of residential space within their block group. 

The residential area within each block group was identified from the National 

Land Cover Data-sets (NLCD) for 1992, 2001, and 2011, from the USGS website.  The 

NLCD is a raster dataset with a sixteen-class land cover classification scheme that 

identifies areas of different land use across the United States at a spatial resolution of 30 

x 30 meters.  NLCD data for each year were downloaded for both study areas and 

manipulated in ArcGIS 10.2 to exclude all but residential areas.  Residential area was 

then aggregated by census block groups using the Zonal Statistics tool in ArcGIS 10.2, so 

that socioeconomic variables could then be normalized through dividing each by the 

amount of residential land area within each census tract.  This means that each metric 

became a density measure based on the specific socio-demographic variables and 

total residential area, as opposed to the area of the block group.  Because the amount 

of residential area in each census block group was often less than a square kilometer, 

density units were expressed in persons per square meter to reduce the quantity of very 

large values. The exception to normalization was the Median Household Income 

variable; since this value is not directly related to population counts it would not be 

influenced by residential land area.    

The remote sensing variables of LST, NDVI, and NDBI were also normalized to be 

only representative of residential areas in each block group.  For each of these remote 

sensing variables, pixels that spatially coincided with residential land use for their 

respective years were isolated.  Pixels that were not within residential areas were 

changed to “No Data” values.  LST, NDVI, and NDBI values were then aggregated and 
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averaged by block group for their respective years using the Zonal Statistics tool in 

ArcGIS 10.2.   

3.3.7 - Analytical Approach 

The first step in statistical analysis was to make use of descriptive statistics to explore 

the relationship of each independent variable in relation to mean land surface 

temperature at the block group level.  Pearson’s correlation coefficient (r-value) was 

used to indicate any statistically significant relationships between each variable and 

LST.  Descriptive statistics and correlation values were calculated in IBM’s SPSS (Version 

22).  Figure 3.4 provides a summary of analysis steps taken. 
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Figure 3.8 – Workflow and statistical methods 
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The second step involved creating a multivariate regression model to investigate the 

simultaneous effects of the independent variables on the dependent variable of mean 

LST.  This model will reveal which demographic, socioeconomic, and remote sensing 

variables most strongly contribute to the prediction of LSTs, thus showing how strongly 

they are related to the dependent variable.  A traditional ordinary least squares (OLS) 

regression model was used, which is expressed as:  

𝑦 =  𝑎 +  ∑ 𝛽𝑘𝑥𝑘 + 𝑒𝑘   (6) 

where y is the block-group level mean LST, a is the intercept (constant), β is the 

coefficient for each independent variable, x represents each independent variable, k 

equals the number of independent variables, and e represents the random error term.   

The OLS technique assumes that the observations are independent of each 

other (errors are uncorrelated) and does not consider that values at any given location 

in space may be potentially dependent on values at nearby locations (Chakraborty, 

2009).  Similar previous studies have shown that regression residuals (errors) from 

applying an OLS model will often exhibit significant spatial autocorrelation 

(Chakraborty, 2009; Grineski et al., 2012; Mitchell & Chakraborty, 2014).  Spatial 

autocorrelation is the tendency of variable case values to relate to neighboring values, 

which results in failure to meet independence assumptions required for OLS regression 

(Grineski et al., 2012).  If spatial autocorrelation is present, it can bias traditional 

statistical tests of significance for model coefficients and thus affect the ability to 

evaluate the importance of explanatory variables (Chakraborty, 2009).   

 In order to test for whether spatial autocorrelation is present in the data, Moran’s 

I statistic was performed using the residuals (errors) from the OLS model to test whether 
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they satisfy the classical linear regression assumption (independence) or if they exhibit 

significant spatial autocorrelation (Mitchell & Chakraborty, 2014).  For each shapefile a 

spatial weight was created based on Queen contiguity (1st order), and used to help 

calculate the statistic.  Moran’s I index values range from -1 to 1, with higher positive 

values indicating clustering, lower negative values indicating dispersion, and values 

close to 0 indicating that values are randomly distributed and have little relationship.  

Moran’s I statistic calculates a Z-score and a p-value to indicate the significance of the 

value.   

When a statistically significant value from Moran’s I statistic is produced, it means 

that the data violates the assumption of independence for OLS regression, thus 

invalidating this particular model from analyzing the association between the 

dependent and independent variables.  In order to account for autocorrelation, either 

a spatial lag model or spatial error model can be applied to help correct 

autocorrelation issues.  Both models are supported by means of a maximum likelihood 

method, and they require sparse spatial weights that are calculated based on a set of 

neighbor relationships.  The spatial lag model assumes that spatial autocorrelation is 

present in the dependent variable (Chakraborty, 2009).  The spatial error model 

assumes that the independent variables exhibit spatial dependence.   

The Lagrange Multiplier (LM) was used to determine which model was the most 

appropriate.  LM diagnostic variables are produced during the OLS regression analysis.  

Figure 3.9 demonstrates the decision making process for whether to choose the spatial 

error or spatial lag model based on the LM Diagnostics.  Based on previous studies that 

use similar variables at the block group level, it is anticipated that the spatial error 
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model was used to correct autocorrelation within the data (Chakraborty, 2009; Grineski 

et al., 2012).   

The spatial error model is incorporated into the OLS by adding a term λW that 

represents the spatial structure of the spatially dependent error (e).  Thus OLS can be re-

expressed as: 

𝑦 =  𝑎 +  ∑ 𝛽𝑘𝑥𝑘 + 𝜆𝑊𝑒 + 𝑢𝑘   (7) 

where λ represents the coefficient for spatially autocorrelated errors (spatial 

autoregressive coefficient), W is the spatial weights matrix based on block group 

centroids, e is the random error term in the OLS model, and u is the spatially 

independent error term.   

OLS Regression, Moran’s I statistic, spatial weights matrix, and spatial lag/error 

models were performed in GeoDa 1.6.7., a software that specializes in geospatial 

calculations and statistics. 
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Figure 3.9 – Flowchart of Decision Making for Lagrange Multiplier 
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4 - Results 

 Summary statistics for all demographic and socioeconomic variables before they 

were normalized are shown in Tables 4.1 – 4.6.  These statistics show the minimum, 

maximum, mean, and standard deviation values of the variables while they are still in 

understandable counts.  Tables 4.7 - 4.12 show all demographic and socioeconomic 

variables, as well as remote sensing variables, after they have been normalized and 

rounded to the nearest thousandth. 

 

Table 4.1 - Descriptive Statistics for Non-Normalized Variables for Allegheny County, 

1990 

Variable N Minimum Maximum Mean Std. Deviation 

TotalPop 1440 5 4926 924.080 655.557 

White 1440 0 4678 805.344 651.195 

Black 1440 0 2767 101.830 240.479 

AmerInd 1440 0 18 0.892 1.727 

Asian 1440 0 397 9.221 26.247 

Other 1440 0 25 0.813 1.896 

Hispanic 1440 0 76 5.979 7.439 

AgeUnder5 1440 0 574 58.393 53.838 

Age65Up 1440 0 1180 160.962 114.635 

BelowPov 1440 0 2292 104.426 163.605 

MHHIncome 1440 4999 150001 28738.779 15320.114 

Less9th 1440 0 422 47.895 43.234 

SomeHS 1440 0 688 98.579 70.807 

HsGrad 1440 0 1397 254.947 181.442 

SomeCollege 1440 0 3197 124.108 143.970 

Associates 1440 0 379 44.872 42.773 

Bachelors 1440 0 1132 101.905 128.222 

Graduate 1440 0 848 55.700 84.153 
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Table 4.2 - Descriptive Statistics for Non-Normalized Variables for Allegheny County, 

2000 

Variable N Minimum Maximum Mean Std. Deviation 

TotalPop 1098 31 4206 1158.497 550.339 

White 1098 0 3608 971.740 574.735 

Black 1098 0 2599 142.332 270.569 

AmerInd 1098 0 21 1.290 2.045 

Asian 1098 0 856 19.617 53.094 

Other 1098 0 311 2.122 9.858 

Hispanic 1098 0 129 9.981 10.272 

AgeUnder5 1098 0 397 64.440 41.530 

Age65Up 1098 1 1007 206.231 119.735 

BelowPov 1098 0 1783 125.249 146.221 

MHHIncome 1098 6714 200001 40953.821 20437.192 

Less9th 1098 0 241 29.648 26.474 

SomeHS 1098 0 865 79.111 57.295 

HsGrad 1098 0 1068 272.684 145.412 

SomeCollege 1098 0 554 137.260 73.565 

Associates 1098 0 279 57.542 38.075 

Bachelors 1098 0 967 140.043 128.543 

Graduate 1098 0 766 88.900 104.971 

 

Table 4.3 - Descriptive Statistics for Non-Normalized Variables for Allegheny County, 

2010 

Variable N Minimum Maximum Mean Std. Deviation 

TotalPop 1075 27 4816 1124.439 564.056 

White 1075 3 3941 909.204 585.002 

Black 1075 0 1797 145.068 214.958 

AmerInd 1075 0 13 1.307 1.877 

Asian 1075 0 1485 30.900 74.048 

Other 1075 0 117 20.650 15.123 

Hispanic 1075 0 124 17.310 14.131 

AgeUnder5 1075 0 297 58.889 37.239 

Age65Up 1075 1 1051 189.258 121.765 

BelowPov 1075 0 1477 134.047 144.687 

MHHIncome 1075 2499 221467 51158.433 27351.133 

Less9th 1075 0 196 17.468 22.220 

SomeHS 1075 0 256 47.740 41.337 

HsGrad 1075 0 973 254.645 145.956 

SomeCollege 1075 0 464 131.773 76.613 

Associates 1075 0 364 67.177 51.329 

Bachelors 1075 0 930 161.890 143.236 

Graduate 1075 0 863 107.382 125.048 

 

  



53 
 

Table 4.4 - Descriptive Statistics for Non-Normalized Variables for Marion County, 1990 

Variable N Minimum Maximum Mean Std. Deviation 

TotalPop 683 7 10126 1165.151 1080.111 

White 683 0 9840 892.145 999.954 

Black 683 0 4728 246.511 402.113 

AmerInd 683 0 23 2.357 3.247 

Asian 683 0 186 10.735 21.897 

Other 683 0 22 1.045 2.240 

Hispanic 683 0 149 12.357 15.676 

AgeUnder5 683 0 1003 92.344 102.667 

Age65Up 683 2 919 135.657 117.383 

BelowPov 683 0 1759 137.269 162.651 

MHHIncome 683 4999 150001 28945.813 15694.422 

Less9th 683 0 363 53.243 46.874 

SomeHS 683 0 1179 150.633 126.250 

HsGrad 683 0 2470 269.940 261.590 

SomeCollege 683 0 1616 174.659 195.942 

Associates 683 0 396 45.206 58.895 

Bachelors 683 0 1966 115.714 202.576 

Graduate 683 0 948 58.031 99.027 

  

Table 4.5 - Descriptive Statistics for Non-Normalized Variables for Marion County, 2000 

Variable N Minimum Maximum Mean Std. Deviation 

TotalPop 645 12 9552 1331.853 1160.902 

White 645 2 8436 917.750 981.108 

Black 645 0 3503 319.316 451.548 

AmerInd 645 0 24 2.816 3.514 

Asian 645 0 256 19.378 36.140 

Other 645 0 33 2.595 3.767 

Hispanic 645 0 785 50.141 88.819 

AgeUnder5 645 0 870 98.657 105.821 

Age65Up 645 1 1073 147.857 136.158 

BelowPov 645 0 1322 148.496 157.304 

MHHIncome 645 2499 200001 40351.203 20433.701 

Less9th 645 0 262 39.594 39.947 

SomeHS 645 0 595 117.451 95.738 

HsGrad 645 0 1468 253.329 226.161 

SomeCollege 645 0 1085 180.352 180.830 

Associates 645 0 344 47.701 58.816 

Bachelors 645 0 2453 143.202 215.775 

Graduate 645 0 1370 74.584 125.443 
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Table 4.6 - Descriptive Statistics for Non-Normalized Variables for Marion County, 2010 

Variables N Minimum Maximum Mean Std. Deviation 

TotalPop 632 316 9908 1429.419 875.407 

White 632 4 8352 851.116 752.073 

Black 632 0 2691 377.301 404.155 

AmerInd 632 0 28 3.092 3.214 

Asian 632 0 965 29.196 65.089 

Other 632 0 214 35.066 26.471 

Hispanic 632 4 1070 133.649 166.615 

AgeUnder5 632 4 960 107.848 88.081 

Age65Up 632 5 657 152.060 107.650 

BelowPov 632 0 1416 238.816 226.638 

MHHIncome 632 7287 175347 45571.660 24261.360 

Less9th 632 0 551 44.927 57.283 

SomeHS 632 0 2248 451.639 367.875 

HsGrad 632 0 1311 273.484 179.077 

SomeCollege 632 0 1163 183.329 134.767 

Associates 632 0 550 59.196 60.793 

Bachelors 632 0 1378 161.712 170.109 

Graduate 632 0 621 86.217 106.845 

  

  



55 
 

Table 4.7 - Descriptive Statistics for Normalized Variables for Allegheny County, 1990 

Variable N Minimum Maximum Mean Std. Deviation 

TotalPop 1440 0.000 0.171 0.005 0.007 

White 1440 0.000 0.144 0.004 0.006 

Black 1440 0.000 0.024 0.001 0.002 

AmerInd 1440 0.000 0.001 0.000 0.000 

Asian 1440 0.000 0.002 0.000 0.000 

Other 1440 0.000 0.000 0.000 0.000 

Hispanic 1440 0.000 0.003 0.000 0.000 

AgeUnder5 1440 0.000 0.009 0.000 0.000 

Age65Up 1440 0.000 0.063 0.001 0.003 

BelowPov 1440 0.000 0.068 0.001 0.003 

MHHIncome 1440 4999.000 150001.000 28738.779 15320.114 

Less9th 1440 0.000 0.027 0.000 0.001 

SomeHS 1440 0.000 0.031 0.001 0.002 

HsGrad 1440 0.000 0.038 0.001 0.002 

SomeCollege 1440 0.000 0.026 0.001 0.001 

Associates 1440 0.000 0.008 0.000 0.000 

Bachelors 1440 0.000 0.031 0.000 0.001 

Graduate 1440 0.000 0.014 0.000 0.001 

ResArea (m²) 1440 1801.048 3644420.644 281723.932 279562.100 

LST (K) 1440 296.600 305.526 300.950 1.455 

NDVI 1440 -0.014 0.597 0.331 0.098 

NDBI 1440 -0.218 0.151 -0.025 0.051 
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Table 4.8 - Descriptive Statistics for Normalized Variables for Allegheny County, 2000 

Variable N Minimum Maximum Mean Std. Deviation 

TotalPop 1098 0.000 1.956 0.018 0.084 

White 1098 0.000 1.572 0.013 0.065 

Black 1098 0.000 0.215 0.004 0.016 

AmerInd 1098 0.000 0.009 0.000 0.000 

Asian 1098 0.000 0.188 0.001 0.007 

Other 1098 0.000 0.006 0.000 0.000 

Hispanic 1098 0.000 0.037 0.000 0.002 

AgeUnder5 1098 0.000 0.049 0.001 0.003 

Age65Up 1098 0.000 0.153 0.003 0.010 

BelowPov 1098 0.000 0.926 0.004 0.030 

MHHIncome 1098 6714.000 200001.000 40953.821 20437.192 

Less9th 1098 0.000 0.094 0.001 0.003 

SomeHS 1098 0.000 0.099 0.001 0.005 

HsGrad 1098 0.000 0.257 0.004 0.014 

SomeCollege 1098 0.000 0.109 0.002 0.007 

Associates 1098 0.000 0.050 0.001 0.003 

Bachelors 1098 0.000 0.334 0.002 0.012 

Graduate 1098 0.000 0.281 0.002 0.011 

ResArea (m²) 1098 900.524 8110119.179 646468.795 885213.928 

LST (K) 1098 293.679 304.140 297.115 1.675 

NDVI 1098 -0.051 0.609 0.455 0.075 

NDBI 1098 -0.168 0.133 -0.070 0.035 
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Table 4.9 - Descriptive Statistics for Normalized Variables for Allegheny County, 2010 

Variable N Minimum Maximum Mean Std. 

Deviation TotalPop 1075 0.000 1.988 0.019 0.091 

White 1075 0.000 1.616 0.013 0.067 

Black 1075 0.000 0.356 0.004 0.018 

AmerInd 1075 0.000 0.010 0.000 0.000 

Asian 1075 0.000 0.263 0.001 0.013 

Other 1075 0.000 0.052 0.000 0.003 

Hispanic 1075 0.000 0.043 0.000 0.003 

AgeUnder5 1075 0.000 0.061 0.001 0.003 

Age65Up 1075 0.000 0.144 0.002 0.009 

BelowPov 1075 0.000 1.026 0.005 0.037 

MHHIncome 1075 2499.000 221467.000 51158.433 27351.133 

Less9th 1075 0.000 0.038 0.000 0.002 

SomeHS 1075 0.000 0.081 0.001 0.004 

HsGrad 1075 0.000 0.274 0.003 0.012 

SomeCollege 1075 0.000 0.125 0.002 0.008 

Associates 1075 0.000 0.051 0.001 0.003 

Bachelors 1075 0.000 0.257 0.003 0.014 

Graduate 1075 0.000 0.205 0.002 0.013 

ResArea (m²) 1075 900.524 8600904.761 673952.165 963182.866 

LST (K) 1075 296.197 306.915 301.368 1.775 

NDVI 1075 -0.131 0.620 0.452 0.071 

NDBI 1075 -0.171 0.119 -0.063 0.041 
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Table 4.10 - Descriptive Statistics for Normalized Variables for Marion County, 1990 

Variable N Minimum Maximum Mean Std. 

Deviation TotalPop 683 0.000 0.719 0.005 0.036 

White 683 0.000 0.443 0.003 0.023 

Black 683 0.000 0.257 0.002 0.012 

AmerInd 683 0.000 0.003 0.000 0.000 

Asian 683 0.000 0.009 0.000 0.000 

Other 683 0.000 0.000 0.000 0.000 

Hispanic 683 0.000 0.012 0.000 0.001 

AgeUnder5 683 0.000 0.029 0.000 0.001 

Age65Up 683 0.000 0.210 0.001 0.008 

BelowPov 683 0.000 0.223 0.001 0.010 

MHHIncome 683 4999.000 150001.000 28945.813 15694.422 

Less9th 683 0.000 0.116 0.000 0.005 

SomeHS 683 0.000 0.148 0.001 0.007 

HsGrad 683 0.000 0.218 0.001 0.009 

SomeCollege 683 0.000 0.143 0.001 0.007 

Associates 683 0.000 0.062 0.000 0.002 

Bachelors 683 0.000 0.119 0.001 0.006 

Graduate 683 0.000 0.038 0.000 0.002 

ResArea (m²) 683 900.405 4833371.458 521154.927 529058.202 

LST (K) 683 298.078 305.309 301.666 0.961 

NDVI 683 -0.051 0.431 0.253 0.071 

NDBI 683 -0.102 0.193 0.031 0.039 
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Table 4.11 - Descriptive Statistics for Normalized Variables for Marion County, 2000 

Variable N Minimum Maximum Mean Std. 

Deviation TotalPop 645 0.000 0.254 0.004 0.011 

White 645 0.000 0.165 0.002 0.007 

Black 645 0.000 0.067 0.001 0.003 

AmerInd 645 0.000 0.001 0.000 0.000 

Asian 645 0.000 0.008 0.000 0.000 

Other 645 0.000 0.000 0.000 0.000 

Hispanic 645 0.000 0.017 0.000 0.001 

AgeUnder5 645 0.000 0.012 0.000 0.001 

Age65Up 645 0.000 0.020 0.000 0.001 

BelowPov 645 0.000 0.063 0.001 0.003 

MHHIncome 645 2499.000 200001.000 40351.203 20433.701 

Less9th 645 0.000 0.009 0.000 0.001 

SomeHS 645 0.000 0.027 0.001 0.001 

HsGrad 645 0.000 0.015 0.001 0.001 

SomeCollege 645 0.000 0.043 0.000 0.002 

Associates 645 0.000 0.013 0.000 0.001 

Bachelors 645 0.000 0.047 0.000 0.002 

Graduate 645 0.000 0.073 0.000 0.003 

ResArea (m²) 645 1800.954 12163645.812 894609.424 1177632.200 

LST (K) 645 297.756 306.245 301.453 1.449 

NDVI 645 -0.198 0.352 0.146 0.090 

NDBI 645 -0.081 0.204 0.027 0.045 
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Table 4.12 - Descriptive Statistics for Normalized Variables for Marion County, 2010 

Variable N Minimum Maximum Mean Std. 

Deviation TotalPop 632 0.000 0.100 0.003 0.006 

White 632 0.000 0.057 0.002 0.004 

Black 632 0.000 0.035 0.001 0.002 

AmerInd 632 0.000 0.000 0.000 0.000 

Asian 632 0.000 0.004 0.000 0.000 

Other 632 0.000 0.002 0.000 0.000 

Hispanic 632 0.000 0.009 0.000 0.001 

AgeUnder5 632 0.000 0.003 0.000 0.000 

Age65Up 632 0.000 0.007 0.000 0.000 

BelowPov 632 0.000 0.017 0.001 0.002 

MHHIncome 632 7287.000 175347.000 45571.660 24261.360 

Less9th 632 0.000 0.004 0.000 0.000 

SomeHS 632 0.000 0.020 0.001 0.002 

HsGrad 632 0.000 0.017 0.001 0.001 

SomeCollege 632 0.000 0.011 0.000 0.001 

Associates 632 0.000 0.002 0.000 0.000 

Bachelors 632 0.000 0.014 0.000 0.001 

Graduate 632 0.000 0.016 0.000 0.001 

ResArea (m²) 632 18008.090 12193277.995 915936.497 997211.146 

LST (K) 632 298.428 304.452 301.521 1.007 

NDVI 632 0.105 0.467 0.317 0.064 

NDBI 632 -0.060 0.200 0.056 0.045 

 

4.1 - Bivariate parametric and nonparametric correlations 

 Analysis of the variables began with bivariate parametric and nonparametric 

correlations to measure the strength and direction of the statistical relationship 

between mean LST and each independent variable at the census block group level.  

Pearson’s (r-values) for each variable of each county and year were calculated, and 

are presented in Tables 4.13 - 4.18.  Overall, most of the demographic, socioeconomic, 

and remote sensing variables have a significant relationship with LSTs.   

Variables that are most appropriate to select for the OLS Regression Model were 

determined based on the strength of the Pearson’s correlation coefficient.  Any r-values 

close to -1 or 1 indicate a very strong relationship between the dependent and 
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independent variable, while values close to zero indicate little to no relationship 

(McGrew & Monroe, 2000).  

For this study, I arbitrarily assigned variables into two categories based on the 

strength of their Pearson’s correlation coefficient.  Variables with a Pearson’s correlation 

coefficient of |r| ≥ 0.4 were assigned to Category 1.  Variables with a Pearson’s 

correlation coefficient of 0.4 ≥ |r| ≥ 0.25 were assigned to Category 2.  Category 1 

variables were included in OLS regression, and Category 2 variables were included only 

when there were not many variables from Category 1. 

4.1.1 - Bivariate Correlation Analysis for Allegheny County, 1990 

 In 1990 Allegheny County, all demographic, socioeconomic, and remote sensing 

variables have a significant Pearson’s correlations with the mean LST (Table 4.13).  NDVI 

and MHHIncome have significant negative correlations with mean LST, meaning that 

higher NDVI values and higher household incomes are associated with lower mean LSTs.  

All other variables have positive correlations with mean LST.  

 Variables that were moderately to strongly correlated (Category 1) are NDVI, 

NDBI, and MHHIncome.  Variables that are moderately to weakly correlated (Category 

2) are Black, SomeHS, HSGrad, Hispanic, and AgeUnder5.  Since there are only three 

strongly correlated values with LST, moderately and strongly correlated values were 

selected for the Allegheny 1990 OLS regression model.   
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Table 4.13 - Bivariate Correlation of Mean Land Surface Temperature (LST) with 

Explanatory Variables for Allegheny County, 1990 
Variable Pearson's r p Sig 

NDVI -0.908** 0.000 

NDBI 0.893** 0.000 

MHHIncome -0.446** 0.000 

Black 0.303* 0.000 

SomeHS 0.281* 0.000 

HsGrad 0.279* 0.000 

TotalPop 0.261* 0.000 

Hispanic 0.259* 0.000 

BelowPov 0.258* 0.000 

AgeUnder5 0.251* 0.000 

SomeCollege 0.219 0.000 

Associates 0.218 0.000 

Other 0.217 0.000 

Less9th 0.213 0.000 

Asian 0.205 0.000 

White 0.193 0.000 

Age65Up 0.191 0.000 

AmerInd 0.158 0.000 

Graduate 0.146 0.000 

Bachelors 0.103 0.000 

N = 1440; **Category 1 (|r|> 0.4); *Category 2 (0.4 ≥ |r| ≥ 0.25) 

  

4.1.2 - Bivariate Correlation Analysis for Allegheny County, 2000 

 In Allegheny County, 2000, all demographic, socioeconomic, and remote 

sensing variables have a significant Pearson’s correlation coefficient with mean LST 

(Table 4.14).  NDVI and MHHIncome have significant negative correlations with mean 

LST, meaning that NDVI values and higher household incomes are still associated with 

lower mean LSTs.  All other variables have a positive correlation with mean LST, meaning 

that as the population count for each variable increases, mean LST should increase.  

Overall the strength of relationships for this set of independent variables is more than 

that of the 1990 variables for Allegheny County.  Category 1 variables are NDVI, NDBI, 

Age65Up, AgeUnder5, Black, Some College, SomeHS, Associates, HsGrad, and 
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MHHIncome.  Since there are already ten Category 1 variables, Category 2 variables 

were not selected to be included in the OLS Regression analysis. 

Table 4.14 - Bivariate Correlation of Mean Land Surface Temperature (LST) with 

Explanatory Variables for Allegheny County, 2000 

Variable Pearson's r p Sig 

NDVI -0.699** 0.000 

NDBI 0.660** 0.000 

Age65Up 0.447** 0.000 

AgeUnder5 0.442** 0.000 

Black 0.438** 0.000 

SomeCollege 0.425** 0.000 

SomeHS 0.424** 0.000 

Associates 0.423** 0.000 

HsGrad 0.419** 0.000 

MHHIncome -0.402** 0.000 

TotalPop 0.367* 0.000 

White 0.332* 0.000 

Hispanic 0.312* 0.000 

Other 0.310* 0.000 

Bachelors 0.295* 0.000 

Less9th 0.276* 0.000 

Graduate 0.275* 0.000 

BelowPov 0.236 0.000 

AmerInd 0.227 0.000 

Asian 0.203 0.000 

N = 1098; **Category 1 (|r|> 0.4); *Category 2 (0.4 ≥ |r| ≥ 0.25) 
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4.1.3 - Bivariate Correlation Analysis for Allegheny County, 2010 

In Allegheny County, 2010, all demographic, socioeconomic, and remote 

sensing variables have a significant Pearson’s correlation coefficient with mean LST 

(Table 4.15).  NDVI and MHHIncome still have significant negative correlations with 

mean LSTs, while all other variables have positive correlations with mean LSTs.  Category 

1 variables are NDBI and NDVI.  Category 2 variables are Age65Up, MHHIncome, 

SomeCollege, HsGrad, Associates, TotalPop, Hispanic, AgeUnder5, White, Graduate, 

and Bachelors.  Because there are only two Category 1 variables, both Category 1 and 

Category 2 variables were selected for the OLS regression model. 

Table 4.15 - Bivariate Correlation of Mean Land Surface Temperature (LST) with 

Explanatory Variables for Allegheny County, 2010 

Variable Pearson's r p Sig 

NDBI_MEAN 0.666** 0.000 

NDVI_MEAN -0.462** 0.000 

Age65Up 0.336* 0.000 

MHHIncome -0.328* 0.000 

SomeCollege 0.306* 0.000 

HsGrad 0.298* 0.000 

Associates 0.296* 0.000 

TotalPop 0.293* 0.000 

Hispanic 0.291* 0.000 

AgeUnder5 0.289* 0.000 

White 0.273* 0.000 

Graduate 0.270* 0.000 

Bachelors 0.266* 0.000 

Other 0.249 0.000 

Black 0.246 0.000 

SomeHS 0.238 0.000 

Less9th 0.229 0.000 

BelowPov 0.190 0.000 

Asian 0.189 0.000 

AmerInd 0.169 0.000 

N = 1075; **Category 1 (|r|> 0.4); *Category 2 (0.4 ≥ |r| ≥ 0.25) 
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4.1.4 - Bivariate Correlation Analysis for Marion County, 1990 

 In Marion County, 1990, only some of the demographic, socioeconomic, and 

remote sensing variables have a significant Pearson’s correlation coefficient with mean 

LST (Table 4.16).  Bachelors, Other, Graduate, Associates, and Asian do not have 

significant r values, although their ρ values remain significant.  NDVI and MHHIncome 

still have significant negative correlations with mean LST, while all other variables have 

positive correlations with mean LSTs.  Variables assigned to Category 1 are NDVI, NDBI, 

and MHHIncome.  There are no Category 2 variables.  While there are only three 

moderately to strongly correlated variables, the other variables had such low r-values 

(|r| < 0.25) that they should not be selected for regression analysis.  Therefore, only the 

Category 1 variables were selected for the OLS regression model. 
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Table 4.16 - Bivariate Correlation of Mean Land Surface Temperature (LST) with 

Explanatory Variables for Marion County, 1990 

Variable Pearson's r p Sig 

NDVI_MEAN -0.848** 0.000 

NDBI_MEAN 0.804** 0.000 

MHHIncome -0.514** 0.000 

BelowPov 0.159 0.001 

Less9th 0.132 0.001 

SomeHS 0.123 0.001 

Black 0.120 0.002 

AmerInd 0.119 0.002 

Age65Up 0.118 0.002 

AgeUnder5 0.109 0.004 

HsGrad 0.108 0.005 

TotalPop 0.107 0.000 

White 0.101 0.008 

Hispanic 0.099 0.009 

SomeCollege 0.087 0.024 

Bachelors 0.070 0.066 

Other 0.066 0.086 

Graduate 0.065 0.088 

Associates 0.046 0.231 

Asian 0.011 0.770 

N = 683; **Category 1 (|r|> 0.4); *Category 2 (0.4 ≥ |r| ≥ 0.25) 
 

4.1.5 - Bivariate Correlation Analysis for Marion County, 2000 

In Marion County, 2000, all demographic, socioeconomic, and remote sensing 

variables have a significant Pearson’s correlation coefficient with mean LST (Table 4.17).  

NDVI and MHHIncome still have significant negative correlations with mean LSTs, while 

all other variables have positive correlations with mean LSTs.  Variables assigned to 

Category 1 are NDVI, NDBI, HsGrad, SomeHS, Less9th, MHHIncome, AgeUnder5, 

TotalPop, AmerInd, Other, White, Age65Up, and BelowPov.  Category 2 variables are 

Black, Hispanic, and SomeCollege.  Because there are thirteen Category 1 variables, it 

was not necessary to include Category 2 variables for the OLS regression model. 
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Table 4.17 - Bivariate Correlation of Mean Land Surface Temperature (LST) with 

Explanatory Variables for Marion County, 2000 

Variable Pearson's r p Sig 

NDVI_MEAN -0.892** 0.000 

NDBI_MEAN 0.757** 0.000 

HsGrad 0.596** 0.000 

SomeHS 0.494** 0.000 

Less9th 0.491** 0.000 

MHHIncome -0.487** 0.000 

AgeUnder5 0.476** 0.000 

TotalPop 0.426** 0.000 

AmerInd 0.421** 0.000 

Other 0.411** 0.000 

White 0.403** 0.000 

Age65Up 0.403** 0.000 

BelowPov 0.402** 0.000 

Black 0.384* 0.000 

Hispanic 0.366* 0.000 

SomeCollege 0.331* 0.000 

Bachelors 0.245 0.000 

Asian 0.237 0.000 

Associates 0.236 0.000 

Graduate 0.175 0.000 

N = 645; **Category 1 (|r|> 0.4); *Category 2 (0.4 ≥ |r| ≥ 0.25) 

 

4.1.6 - Bivariate Correlation Analysis for Marion County, 2010 

In Marion County, 2010, all demographic, socioeconomic, and remote sensing 

variables have a significant Pearson’s correlation coefficient with mean LST (Table 4.18).  

NDVI and MHHIncome still have significant negative correlations with mean LSTs, while 

all other variables have positive correlations with mean LSTs.  Variables assigned to 

Category 1 are NDVI, NDBI, AgeUnder5, MHHIncome, Other, SomeHS, BelowPov, 

HsGrad, TotalPop, Less9th, Hispanic, White, and Age65Up.  Category 2 variables are 

AmerInd, Associates, SomeCollege, and Black.  Because there are thirteen Category 1 

variables, it was not necessary to include Category 2 variables for the OLS regression 

model. 
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Table 4.18 - Bivariate Correlation of Mean Land Surface Temperature (LST) with 

Explanatory Variables for Marion County, 2010 

Variable Pearson's r p Sig 

NDVI_MEAN -0.890** 0.000 

NDBI_MEAN 0.813** 0.000 

AgeUnder5 0.518** 0.000 

MHHIncome -0.499** 0.000 

Other 0.487** 0.000 

SomeHS 0.470** 0.000 

BelowPov 0.464** 0.000 

HsGrad 0.457** 0.000 

TotalPop 0.446** 0.000 

Less9th 0.424** 0.000 

Hispanic 0.420** 0.000 

White 0.417** 0.000 

Age65Up 0.410** 0.000 

AmerInd 0.394* 0.000 

Associates 0.367* 0.000 

SomeCollege 0.356* 0.000 

Black 0.289* 0.000 

Asian 0.249 0.000 

Bachelors 0.209 0.000 

Graduate 0.164 0.000 

N = 632; **Category 1 (|r|> 0.4); *Category 2 (0.4 ≥ |r| ≥ 0.25) 

 

4.2 - Conventional Regression Analysis: Ordinary Least Squares Model 

 For the next step of analysis, a traditional ordinary least-squares (OLS) regression 

model was used to explore the simultaneous effects of the selected independent 

variables on mean LSTs for 1990, 2000, and 2010 from Allegheny and Marion Counties 

(Tables 4.19 – 4.24).  A total of six OLS regression models were created, one for each 

time period of each county.  For each model, an ANOVA F-test was run to indicate the 

overall significance, and an adjusted R-squared value was reported to evaluate 

goodness-of-fit for the multiple regression model (Table 4.25). 
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 To determine if the regression residuals from each OLS model satisfy the classical 

linear regression assumption of independence, or if they exhibit significant spatial 

autocorrelation, the Univariate Moran’s I statistic approach was used.  For each of the 

six data sets, a queen contiguity-based approach for selecting neighbors was used to 

report Moran’s I statistic (Table 4.26).  The residual Moran’s I statistic for all six data sets 

are significant (p<0.01), indicating that residuals are spatially dependent with respect to 

their values in neighboring tracts.  This violates the assumption of independence for OLS 

regression, thus invalidating these particular models from analyzing the association 

between the dependent and independent variables.  These OLS regression models 

needed to be corrected using either the spatial lag or spatial error models. 

Table 4.19 - Ordinary Least Squares Regression for Allegheny County, 1990 

Variable Coefficient Std. Error 
 

Probability 

CONSTANT 304.412 0.178 1706.645 0.000 

NDVI -10.137 0.623 -16.277 0.000 

NDBI 6.604 1.157 5.709 0.000 

Black 41.594 10.787 3.856 0.000 

AgeUnder5 271.686 83.056 3.271 0.001 

SomeHS -68.548 27.612 -2.483 0.013 

TotalPop -7.719 7.879 -0.980 0.327 

HsGrad 20.736 24.099 0.860 0.390 

Hispanic -83.678 259.963 -0.322 0.748 

MHHIncome 0.000 0.000 0.168 0.867 

R² 0.834 

Adjusted R² 0.833 
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Table 4.20 - Ordinary Least Squares Regression for Allegheny County, 2000 

Variable Coefficient Std. Error Z-Value Probability 

CONSTANT 302.056 0.247 1225.099 0.000 

MHHIncome 0.000 0.000 -8.177 0.000 

NDVI -7.618 0.688 -11.074 0.000 

NDBI 14.719 1.405 10.473 0.000 

Black 16.311 3.557 4.585 0.000 

SomeCollege 47.452 18.028 2.632 0.009 

HsGrad -33.853 13.670 -2.477 0.013 

Associate -57.390 32.106 -1.788 0.074 

AgeUnder5 68.750 39.543 1.739 0.082 

Age65Up 24.473 14.970 1.635 0.102 

TotalPop -1.399 1.190 -1.175 0.240 

SomeHS 20.070 27.615 0.727 0.468 

R² 0.614 

Adjusted R² 0.610 

 

Table 4.21 -  Ordinary Least Squares Regression for Allegheny County, 2010 

Variable Coefficient Std. Error Z-Value Probability 

CONSTANT 304.788 0.295 1033.108 0.000 

NDBI 22.640 1.306 17.334 0.000 

MHHIncome 0.000 0.000 -8.866 0.000 

NDVI -3.172 0.779 -4.072 0.000 

SomeCollege 29.496 14.078 2.095 0.036 

HsGrad -18.280 9.265 -1.973 0.049 

Bachelors 10.772 5.734 1.879 0.061 

Associates 38.637 30.185 1.280 0.201 

Hispanic -56.351 57.478 -0.980 0.327 

White 1.712 3.885 0.441 0.660 

Age65Up 3.087 9.443 0.327 0.744 

AgeUnder5 11.806 39.347 0.300 0.764 

TotalPop 1.030 3.775 0.273 0.785 

R² 0.552 

Adjusted R² 0.547 

 

Table 4.22 - Ordinary Least Square Regression for Marion County, 1990 

Variable Coefficient Std. Error Z-Value Probability 

CONSTANT 303.301 0.102 2973.260 0.000 

NDVI -6.863 0.359 -19.096 0.000 

NDBI 9.562 0.610 15.687 0.000 

MHHIncome 0.000 0.000 -5.553 0.000 

TotalPop -0.436 0.463 -0.941 0.347 

R² 0.802 

Adjusted R² 0.801 
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Table 4.23 - Ordinary Least Squares Regression for Marion County, 2000 

Variable Coefficient Std. Error Z-Value Probability 

CONSTANT 303.895 0.154 1975.038 0.000 

NDVI -15.643 0.743 -21.061 0.000 

NDBI -7.204 1.303 -5.527 0.000 

AgeUnder5 685.667 107.247 6.393 0.000 

HsGrad 226.991 37.447 6.062 0.000 

MHHIncome 0.000 0.000 -3.944 0.000 

White -39.264 16.962 -2.315 0.021 

Other 3049.115 1367.056 2.230 0.026 

AmerInd -2846.044 1303.371 -2.184 0.029 

BelowPov -51.728 23.806 -2.173 0.030 

SomeHS -136.575 65.552 -2.083 0.038 

Age65Up 120.507 58.136 2.073 0.039 

TotalPop 14.573 13.333 1.093 0.275 

Less9th 75.579 111.876 0.676 0.500 

R² 0.855 

Adjusted R² 0.852 

 

Table 4.24 - Ordinary Least Squares Regression for Marion County, 2010  

Variable Coefficient Std. Error Z-Value Probability 

CONSTANT 303.745 0.240 1265.544 0.000 

NDVI -8.024 0.622 -12.901 0.000 

NDBI 6.501 0.759 8.571 0.000 

MHHIncome 0.000 0.000 -5.126 0.000 

AgeUnder5 488.011 122.575 3.981 0.000 

Age65Up 195.856 71.436 2.742 0.006 

TotalPop -36.518 14.074 -2.595 0.010 

Hispanic -79.746 43.803 -1.821 0.069 

SomeHS 28.792 18.721 1.538 0.125 

HsGrad 58.137 38.589 1.507 0.132 

White 23.398 16.104 1.453 0.147 

BelowPov -12.881 20.755 -0.621 0.535 

Other 165.369 289.418 0.571 0.568 

Less9th 38.506 71.220 0.541 0.589 

R² 0.834 

Adjusted R² 0.831 
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Table 4.25 - ANOVA Goodness of Fit 

County/Year Adjusted R-Squared F-Statistic Sig. 

Allegheny 1990 0.833 800.658 0.000 

Allegheny 2000 0.610 157.025 0.000 

Allegheny 2010  0.547 109.198 0.000 

Marion 1990 0.801 687.160 0.000 

Marion 2000 0.852 285.670 0.000 

Marion 2010 0.831 239.409 0.000 

 

Table 4.26 - Moran's I Spatial Autocorrelation for Ordinary Least Squares Regression 

Residuals 

Allegheny County 1990 2000 2010 

I 0.479 0.439 0.503 

Z 31.023 25.106 27.985 

P 0.000 0.000 0.000 

Marion County 1990 2000 2010 

I 0.286 0.264 0.379 

Z 13.368 12.163 17.259 

P 0.000 0.000 0.000 

 

4.3 - Spatial Regression Analysis: Spatial Error Model 

 In order to account for the significant spatial autocorrelation indicated by the 

regression residuals of each OLS Model, simultaneous autoregressive (SAR) models were 

used to add an extra variable in the regression and estimate the spatial autocorrelation 

as an additional variable in the regression and estimate its effects simultaneously with 

other variables (Mitchell & Chakraborty, 2011).  Lagrange Multiplier (LM) variables were 

reported along with the OLS Model for each data set.  The results of each LM analysis 

are discussed in the next few sections.  Moran’s I statistic was rerun on each SAR model 

to determine whether models continued to express autocorrelation (see Table 4.29 for 

summary). 
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4.3.1 - Spatial Regression Analysis for Allegheny 1990 

 LM variables for spatial lag and spatial error were reported as being both highly 

significant.  In the event that both variables are significant (p < 0.01), Robust LM 

indicators for spatial lag and spatial error should be referred to (Anselin, 2005).  In this 

case, both Robust LM variables are significant (p < 0.01).  Because the variable from the 

Robust LM error (482.226) is higher than the Robust LM lag (40.4256), this indicates that 

the spatial error model should be applied in order to correct for spatial autocorrelation 

(Anselin, 2005). 

 After correcting for spatial error and rerunning the regression analysis, several 

variables remained insignificant: MHHIncome, Hispanic, and SomeHS (See Table 4.27).  

These variables were removed from the regression model, and the regression analysis 

was run for a final time.  Variables that remained significant (p < 0.05) after this 

regression analysis are NDVI, Black, NDBI, AgeUnder5, and HsGrad (See Table 4.28).  A 

Univariate Moran’s I approach was run using the residuals from the applied spatial error 

model.  The value for the Moran’s I was -0.00489041, with a significance level of 0.400 

(see Table 4.29). 
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Table 4.27 - Spatial Error Model 1 for Allegheny County, 1990 

Variable Coefficient Std. Error Z-Value Probability 

CONSTANT 304.570 0.179 1702.756 0.000 

LAMBDA 0.822 0.018 46.100 0.000 

NDVI -10.410 0.582 -17.880 0.000 

Black -49.070 12.598 -3.895 0.000 

NDBI 3.262 1.009 3.233 0.001 

AgeUnder5 188.252 61.894 3.042 0.002 

HsGrad 42.370 16.215 2.613 0.009 

TotalPop -9.927 5.336 -1.860 0.063 

Hispanic 104.012 177.025 0.588 0.557 

MHHIncome 0.000 0.000 -0.553 0.580 

SomeHS 2.274 21.968 0.103 0.918 

R² 0.921 

 
 

 

    Table 4.28 - Spatial Error Model 2 for Allegheny County, 1990 

Variable Coefficient Std. Error Z-Value Probability 

CONSTANT 304.570 0.179 1704.792 0.000 

LAMBDA 0.822 0.018 46.028 0.000 

NDVI -10.471 0.575 -18.209 0.000 

Black -46.824 12.133 -3.859 0.000 

NDBI 3.212 1.005 3.195 0.001 

AgeUnder5 181.105 59.742 3.031 0.002 

HsGrad 41.633 14.226 2.927 0.003 

TotalPop -8.248 4.296 -1.920 0.055 

R² 0.921 

 

Table 4.29 - Moran's I Spatial Autocorrelation after Spatial Error Model 

Allegheny County 1990 2000 2010 

I -0.005 -0.019 -0.028 

Z-Value -0.287 -1.015 -1.388 

p-Value 0.400 0.153 0.081 

Marion County 1990 2000 2010 

I -0.028 -0.018 -0.021 

Z-Value -1.161 -0.726 -0.868 

p-Value 0.128 0.238 0.200 
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4.3.2 - Spatial Regression Analysis for Allegheny 2000 

 LM values for spatial lag and spatial error for Allegheny County 2000 were also 

significant.  Robust LM values for spatial lag and spatial error were also highly significant 

(p< 0.01).  The Robust LM error value (141.979) was much higher than the Robust LM lag 

value (76.946), so the spatial error model was chosen to correct spatial autocorrelation 

for the OLS model.   

After the model was applied and rerun, several variables remained insignificant:  

AgeUnder5, Age65Up, SomeHS, HS Grad, and Associates (Table 4.30).  These variables 

were removed, and regression analysis was run for a final time.  Variables that remained 

significant (p < 0.05) after this regression analysis are NDVI, NDBI, Black, and 

SomeCollege (Table 4.31).  A Univariate Moran’s I approach was ran using the residuals 

from the applied spatial error model.  The value for the Moran’s I was -0.019, with a 

significance level of 0.153 (see Table 4.29). 

Table 4.30 - Spatial Error Model 1 for Allegheny County, 2000 

Variable Coefficient Std. Error Z-Value Probability 

CONSTANT 301.449 0.265 1137.079 0.000 

LAMBDA 0.816 0.021 38.944 0.000 

NDVI -5.834 0.611 -9.551 0.000 

NDBI 18.565 1.111 16.716 0.000 

SomeCollege 34.070 13.709 2.485 0.013 

Black -5.854 3.059 -1.914 0.056 

MHHIncome 0.000 0.000 -1.842 0.065 

Age65Up 6.979 10.202 0.684 0.494 

Associate -11.325 21.791 -0.520 0.603 

AgeUnder5 -12.627 27.479 -0.460 0.646 

TotalPop 0.336 0.830 0.405 0.686 

SomeHS -4.440 19.085 -0.233 0.816 

HsGrad -1.483 9.740 -0.152 0.879 

R² 0.808 
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Table 4.31 - Spatial Error Model 2 for Allegheny County, 2000 

Variable Coefficient Std. Error Z-Value Probability 

CONSTANT 301.430 0.261 1155.580 0.000 

LAMBDA 0.816 0.021 39.024 0.000 

NDVI -5.795 0.604 -9.590 0.000 

NDBI 18.525 1.106 16.757 0.000 

Black -7.536 2.602 -2.896 0.004 

SomeCollege 28.439 10.212 2.785 0.005 

MHHIncome 0.000 0.000 -1.877 0.061 

TotalPop 0.663 0.711 0.932 0.352 

R² 0.808 

 

4.3.3 - Spatial Regression Analysis for Allegheny 2010 

 LM values for spatial lag and spatial error for Allegheny County 2010 were also 

significant.  Robust LM values for spatial lag and spatial error were also highly significant 

(p< 0.01).  The Robust LM error value (143.638) was much higher than the Robust LM lag 

value (61.674), so the spatial error model was chosen to correct spatial autocorrelation 

for the OLS model.   

After the model was applied and the regression analysis was reran, several of the 

variables still did not have a highly significant contribution to the regression model: 

White, Hispanic, Age65Up, and HSgrad (Table 4.32).  These variables were removed, 

and regression analysis was run a final time.  Variables that were significant (p < 0.05) 

are NDBI, MHHIncome, NDBI, SomeCollege, AgeUnder5, and Associates (Table 4.33). 

Univariate Moran’s I approach was run using the residuals from the applied spatial error 

model.  The value for the Moran’s I was -0.028 with a significance level of 0.081 (Table 

4.29). 
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Table 4.32 - Spatial Error Model 1 for Allegheny County, 2010 

Variable Coefficient Std. Error Z-Value Probability 

CONSTANT 304.352 0.311 977.314 0.000 

LAMBDA 0.798 0.022 36.561 0.000 

NDBI 18.119 1.119 16.196 0.000 

MHHIncome 0.000 0.000 -4.695 0.000 

NDVI -2.978 0.731 -4.073 0.000 

SomeCollege 32.511 8.984 3.619 0.000 

Associates 60.801 19.595 3.103 0.002 

Bachelors 7.843 3.986 1.968 0.049 

AgeUnder5 -50.099 27.511 -1.821 0.069 

Hispanic -68.132 41.440 -1.644 0.100 

White 2.334 2.951 0.791 0.429 

Age65Up -3.003 6.659 -0.451 0.652 

TotalPop -1.208 2.873 -0.420 0.674 

HsGrad -0.041 6.129 -0.007 0.995 

R² 0.787 

 

Table 4.33 - Spatial Error Model 2 for Allegheny County, 2010 

Variable Coefficient Std. Error Z-Value Probability 

CONSTANT 304.306 0.308 988.938 0.000 

LAMBDA 0.794 0.022 35.959 0.000 

NDBI 18.270 1.110 16.454 0.000 

MHHIncome 0.000 0.000 -4.428 0.000 

NDVI -2.908 0.729 -3.988 0.000 

SomeCollege 30.573 8.738 3.499 0.000 

AgeUnder5 -49.476 18.368 -2.694 0.007 

Associates 42.290 17.358 2.436 0.015 

Bachelors 5.362 3.572 1.501 0.133 

TotalPop -0.584 0.558 -1.045 0.296 

R² 0.785 

 

4.3.4 - Spatial Regression Analysis for Marion County 1990 

 LM values for spatial lag and spatial error for Marion County 1990 were also 

significant.  Robust LM values were thus referred to in order to determine which model 

to use for correcting spatial autocorrelation.  In this case, the Robust LM lag variable 
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was not significant (p = 0.334) while the Robust LM error variable remained significant (p 

< 0.01).  Thus the spatial error model was selected to correct for spatial autocorrelation.   

After the model was applied and the regression analysis was reran, none of the 

variables were insignificant (Table 4.34).  A univariate Moran’s I approach was run using 

the residuals from the applied spatial error model.  The value for the Moran’s I was -

0.027, with a pseudo-significance of 0.128 (see Table 4.29). 

Table 4.34 - Spatial Error Model for Marion County, 1990 

Variable Coefficient Std. Error Z-Value Probability 

CONSTANT 303.309 0.133 2276.473 0.000 

LAMBDA 0.517 0.048 10.845 0.000 

NDVI -6.531 0.433 -15.066 0.000 

NDBI 9.184 0.679 13.518 0.000 

MHHIncome 0.000 0.000 -6.928 0.000 

TotalPop -0.702 0.467 -1.503 0.133 

R² 0.840 

 

4.3.5 - Spatial Regression Analysis for Marion County 2000 

 LM values for spatial lag and spatial error for Marion County 1990 were also 

significant.  Robust LM values were thus referred to in order to determine which model 

to use for correcting spatial autocorrelation.  In this case, the Robust LM lag variable 

was not significant (p = 0.262) while the Robust LM error variable remained significant (p 

< 0.01).  Thus the spatial error model was selected to correct for spatial autocorrelation.   

After the model was applied and the regression analysis was rerun, several of the 

variables still did not have a highly significant contribution to the regression model:  

White, AmerInd, Age65Up, BelowPov, Less9th, and SomeHS (Table 4.35).  These variables 

were removed, and regression analysis was run a final time.  Variables that remained 

significant (p < 0.05) are NDVi, NDBI, AgeUnder5, MHHIncome, HsGrad, TotalPop, and 
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Other (Table 4.36).  A Univariate Moran’s I approach was run using the residuals from 

the applied spatial error model.  The value for the Moran’s I was -0.018, with a 

significance level of 0.238 (see Table 4.29). 

Table 4.35 - Spatial Error Model 1 for Marion County, 2000 

Variable Coefficient Std. Error Z-Value Probability 

CONSTANT 303.765 0.170 1784.089 0.000 

LAMBDA 0.580 0.045 12.794 0.000 

NDVI -14.483 0.785 -18.444 0.000 

AgeUnder5 644.879 114.721 5.621 0.000 

MHHIncome 0.000 0.000 -4.670 0.000 

HsGrad 185.838 33.988 5.468 0.000 

NDBI -4.784 1.416 -3.377 0.001 

Other 3682.929 1228.632 2.998 0.003 

TotalPop -22.078 14.607 -1.511 0.131 

Age65Up 81.561 53.965 1.511 0.131 

AmerInd -1596.240 1103.790 -1.446 0.148 

BelowPov -21.390 19.745 -1.083 0.279 

Less9th -91.834 97.273 -0.944 0.345 

White -13.204 19.419 -0.680 0.497 

SomeHS 41.377 61.045 0.678 0.498 

R² 0.886 

 

Table 4.36 - Spatial Error Model 2 for Marion County, 2000 

Variable Coefficient Std. Error Z-Value Probability 

CONSTANT 303.813 0.170 1785.837 0.000 

LAMBDA 0.591 0.045 13.242 0.000 

NDVI -14.568 0.788 -18.487 0.000 

AgeUnder5 488.270 102.604 4.759 0.000 

MHHIncome 0.000 0.000 -4.793 0.000 

HsGrad 157.679 26.280 6.000 0.000 

TotalPop -22.519 5.540 -4.065 0.000 

Other 4207.991 1215.954 3.461 0.001 

NDBI -4.911 1.423 -3.450 0.001 

R² 0.884 
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4.3.6 - Spatial Regression Analysis for Marion County 2010 

LM values for spatial lag and spatial error for Allegheny County 2010 were also 

significant.  Robust LM values for spatial lag and spatial error were also highly significant 

(p< 0.01).  The Robust LM error value (196.931) was much higher than the Robust LM lag 

value (0.731), so the spatial error model was chosen to correct spatial autocorrelation 

for the OLS model.   

After the model was applied and the regression analysis was rerun, several of the 

variables still did not have a highly significant contribution to the regression model:  

White, Other, BelowPov, Less9th (Table 4.37).  These variables were removed, and 

regression analysis was performed a final time.  Variables that remained significant were 

NDVI, NDBI, AgeUnder5, and MHHIncome (Table 4.38).  A Univariate Moran’s I 

approach was run using the residuals from the applied spatial error model.  The value 

for the Moran’s I was -0.021, with a significance level of 0.200 (see Table X.X). 

Table 4.37 -  Spatial Error Model 1 for Marion County, 2010 

Variable Coefficient Std. Error Z-Value Probability 

CONSTANT 303.762 0.247 1231.688 0.000 

LAMBDA 0.670 0.040 16.810 0.000 

NDVI -8.161 0.634 -12.872 0.000 

NDBI 6.993 0.800 8.737 0.000 

AgeUnder5 353.518 111.701 3.165 0.002 

MHHIncome 0.000 0.000 -2.941 0.003 

HsGrad 52.669 31.237 1.686 0.092 

NHispanic -58.971 39.289 -1.501 0.133 

Age65Up 91.336 60.902 1.500 0.134 

SomeHS 21.795 14.607 1.492 0.136 

TotalPop -16.872 13.004 -1.297 0.194 

White 11.894 16.477 0.722 0.470 

BelowPov -6.348 17.139 -0.370 0.711 

Other -41.144 236.829 -0.174 0.862 

Less9th 1.802 54.772 0.033 0.974 

R² 0.900 
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Table 4.38 -  Spatial Error Model 2 for Marion County, 2010 

Variable Coefficient Std. Error Z-Value Probability 

CONSTANT 303.770 0.244 1243.216 0.000 

LAMBDA 0.671 0.040 16.842 0.000 

NDVI -8.195 0.627 -13.070 0.000 

NDBI 6.932 0.793 8.739 0.000 

AgeUnder5 339.452 104.896 3.236 0.001 

MHHIncome 0.000 0.000 -2.824 0.005 

HsGrad 51.125 26.284 1.945 0.052 

Hispanic -67.571 36.768 -1.838 0.066 

SomeHS 23.456 13.756 1.705 0.088 

Age65Up 93.076 60.455 1.540 0.124 

TotalPop -11.227 7.752 -1.448 0.148 

R² 0.900 
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5. Discussion 

Generally speaking, mean LSTs in Allegheny County, Pennsylvania, were 

relatively high in the middle of the county, despite the presence of a river fork in that 

area.  This visually detected pattern is represented in 1990, 2000, and 2007 images (see 

Figure 5.1).  In the 1990 image, the mean temperature is 300.95 K (82.04˚F) and the 

warmest temperatures are in the center of the city, along the river, with coolest 

temperatures along the edges of the county.  In 2000, warmest temperatures remain 

along the river, but extend further south from the city center compared to the 1990 

image.  The mean temperature in the 2000 image is 304.14 K (87.78˚F).  In the 2007 

image, warmest temperatures have shifted to lie primarily just south of the county 

center, with a mean temperature of 301.37 K (82.80˚F). 

 Mean LSTs in Marion County, Indiana, were also warmest in the county center for 

1991, 2000, and 2010 (see Figure 5.2).  In 1990 the mean temperature is 301.67 K 

(83.34˚F), with the warmest temperatures residing mainly in the county center, and 

along a north-south corridor in the northwestern portion of the county.  In 2000 the 

relative temperature pattern is similar to that of 1991, although the extent of warmer 

temperatures reaches south of the county center.  The mean temperature is 301.45 K 

(82.94˚F).  In the 2010 image, warmer temperatures greatly extend from the county 

center to the southwestern corner of the county.  The mean temperature in the 2010 

image is 301.52 K (83.07 ˚F). 
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Figure 5.1 - Mean Land Surface Temperatures by Census Block Group for Allegheny 

County for 1990, 2000, and 2007 
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Figure 5.2 – Mean Land Surface Temperatures by Census Block Group for Marion County 

from 1991, 2000, and 2010 
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For each city the dependent variables that were considered to be significantly 

related to the mean LST changed from 1990 to 2010.  The exceptions to this were the 

physical remote sensing variables NDVI and NDBI.  For all years in both study areas, 

NDVI is strongly and negatively related to mean LST, meaning that the amount of 

healthy plant matter in each census block group was directly related to lower 

temperatures.  NDBI was strongly and positively related to mean LST for nearly all years 

in both study areas, which means that the more built-up matter present in each block 

group resulted in higher temperatures.  The exception to this was in Marion County, 

2000, when NDBI had a negative significant relationship with mean LST.   

 The variable representing total population (TotalPop), which when normalized by 

the amount of residential space becomes population density, did not show to be as 

significantly related to mean LST as what was to be expected.  In other climate justice 

studies, population density is usually strongly related with mean LST which suggests that 

more people living in an area usually can be associated with higher temperatures 

(Chow et al., 2012, Grineski et al., 2012, Mitchell & Chakraborty, 2014).  However, in this 

study population density was not considered significant by most of the regression 

models except for Marion County in 2000, and in that particular model it had a 

negative coefficient. Figures 5.3 and 5.4. show that for both Allegheny and Marion 

Counties, the highest population densities reside in the center of the county, 

corresponding with the downtown areas of Pittsburgh and Indianapolis, respectively.  

As previous discussed, highest mean LSTs were also located in the downtown areas of 

these major cities.  However, the regression analysis for each county in this study 

showed that TotalPop (which represents population density) does not significantly 

contribute to the regression model that predicts LSTs.  This is different from what was 
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found in other studies (Grineski et al., 2012; Mitchell & Chakraborty, 2014) that found 

population density to be significant and a control variable for EJ studies. 

 

Figure 5.3 – Total Population Divided by Residential Area of Each Census Block Group for 

Allegheny County from 1990 to 2010  
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Figure 5.4 – Total Population Divided by Residential Area of Each Census Block Group for 

Marion County from 1990 to 2010 

 

 One possible explanation for this difference in results could be in how population 

density was calculated.  For this study, population density was calculated by using the 

total population of each census block group and dividing it by the amount of 
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residential area, as based on the suggested methods by Johnson et al. (2014).  In 

Greneski et al., (2012) and Mitchell and Chakraborty (2014), population density was 

calculated instead using the entire area of the census tract geometry. In Johnson et al., 

2014, which used residential area only, the population density parameter did not prove 

to be highly significant for each comparison of mean LST and socioeconomic variables.  

While it is tough to say without speculation whether this would have dramatically 

changed the results of this thesis study, it is a possible source for differing results. 

 While TotalPop did not prove to be a predictor for mean LST, it can be argued 

that NDBI could still be used as a successful control value for predicting mean LST.  NDBI 

also is an indicator of population density, as more impervious surface area implies a 

higher presence of human activity (Weng et al., 2008). 

5.1 - Allegheny County from 1990 to 2010 

Black population is a significant variable related to mean LST in Allegheny 

County for both 1990 and 2000.  Looking at the map of normalized black population for 

1990, 2000, and 2010 (Figure 5.5), the concentration of the black population in the 

center of the county, corresponding with the downtown area of Pittsburgh, decreased 

over time.  As the higher mean LST, especially in 1990, remained in the downtown area, 

it makes sense that a stronger relationship between those two variables was present for 

those years.  In 2000, however, the relationship between the black population and 

mean LSTs had a negative coefficient, suggesting that higher concentrations of black 

populations experienced relatively lower mean LST.  When observing the count of black 

persons per bock group for all three years, it becomes evident that the majority of the 

black population migrated to just east of the downtown area.  As some of these block 
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groups are larger in area, and may contain more residential area, it makes sense why 

this migration pattern would not be as evident in the normalized black population map.  

The warmer mean LST in Allegheny remained in the downtown area in 2010, as well as 

extended south of the downtown Pittsburgh area, thus explaining why the black 

population was not significantly associated with and exposed to higher mean LSTs in 

the 2010 analysis. 
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Figure 5.5 – Black Population Count by Census Block Group for Allegheny County from 

1990 to 2010 

 

Population of persons under 5 years of age (AgeUnder5) is also significantly 

related to mean LST in 1990 and 2010.  In 1990, the coefficient was positive for 
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AgeUnder5, suggesting that there were more young children living in areas with higher 

mean LST.  However, in 2010, younger children were negatively associated with higher 

mean LST, meaning that this population group was more exposed to lower 

temperatures. 

Socioeconomic status becomes a more significantly related variable from 1990 

to 2010.  In 1990, persons above 25 whose highest education is graduating from high 

school are significantly related to mean LST, meaning that those who received no 

higher than that education were less likely to live in areas with warmer temperatures.  In 

2000, persons who only had some college were instead living in warmer areas.  In 2010, 

persons with some college, associates degrees, and bachelor’s degrees were more 

likely to live in areas with warmer temperatures.  This may imply that gentrification is 

taking place in the downtown area, as persons with higher social class (indicated by 

educational attainment) have a higher population density in the downtown Pittsburgh 

area. 

5.1 - Marion County from 1990 to 2010 

For 1990, 2000, and 2010, in Marion County, Median Household Income had a 

significant and negative relationship with mean LSTs.  The negative coefficient in the 

regression model indicated that persons with lower income were more likely to live in 

areas with relatively higher temperatures.  Lower income areas in 1990 are primarily in 

the center of the county (Figure 5.6), which corresponds with the downtown area of 

Indianapolis.  In 2000 and 2010, areas with relatively lower incomes had spread outward 

from the downtown, especially to the southwest.  This corresponds with the spread of 

relatively higher mean LSTs in the city, thus explaining why the relationship between 
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these two variables stays consistently strong.  For Marion County, Indiana, persons with 

lower income experienced relatively warmer temperatures compared to those with 

higher income.  The population of persons under age 5 was significant in 2000 and 2010.  

The highest density for this age group is strongest in the downtown area, which 

corresponds with higher mean LST.   
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5.6 – Median Household Income by Census Block Group for Marion County from 1990 to 

2010  
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5.3 - Implications for Climate Justice Research 

 Based on the empirical evidence from this study, one of the most important 

implications is that there are very few climate justice issues in regard to race/ethnicity in 

Allegheny County and Marion County.  While regression analysis for Allegheny County 

in 1990 showed that the black population may be more disproportionately exposed to 

higher mean LST, analysis for 2000 and 2010 did not exhibit that same relationship.  In 

Marion County there were no racial or ethnic groups that were significantly associated 

with higher mean LST. 

 Instead, most of the results suggested that groups of certain social class and 

income levels are more likely to be disproportionately exposed to warmer 

temperatures.  In particular, in both counties it appeared that persons with lower 

income are more likely to be exposed to higher mean LSTs.  As persons with lower 

income are less likely to have the resources to mitigate higher temperatures, and are 

less likely to have access to health care, this puts these populations in a very vulnerable 

position in the event of a heat wave.  Emergency services for these counties need to be 

aware of the location of these lower income neighborhoods and allocate their 

resources accordingly in an extreme heat event. 

 Most importantly, the demographic and social groups exposed to higher 

temperatures in each city have changed over the 20 year period of this study.  

Populations change location over time, and different social groups can shift to different 

parts of the city.  The population dynamics of each city are unique, and results from this 

study cannot be universally applied to other cities in other parts of the country.  This is 

why it is important for city planners, emergency response personnel, and local law 
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enforcement to continually analyze and update their knowledge about the location 

and population density of vulnerable social groups.  As the midwestern United States is 

particularly vulnerable to heat waves, cities in these areas need to be prepared to tend 

to the needs of these social groups in order to mitigate heat related illnesses and death. 

5.4 - Limitations and Suggestions for Future Research 

One of limitation of this study is the collection of temperatures for each city in 

1990, 2000, and 2010.  For this study, Landsat imagery was used to calculate 

temperatures based on thermal emissivity of land features.  The advantage of this is that 

temperatures can be collected throughout the entire study area to capture the 

metropolitan thermal landscape.  The disadvantage to the temporal resolution of 

thermal data.  Other studies that use local weather stations with thermometers have the 

advantage of reporting temperatures that more accurately reflect temperature on the 

ground, and also can report temperatures at smaller time intervals.  For example, Chow 

et al. (2012) was able to report temperatures at a certain date at two different points in 

time to demonstrate how heat in certain areas does not dissipate as quickly, especially 

in the evening, thus leaving certain populations to endure warmer temperatures for 

longer periods of time and causing them to be more vulnerable to heat-related health 

risks.  Meanwhile, Landsat thermal imagery is available only twice a month, at the same 

time of day, thus limiting the amount of information available for this kind of study. 

Another challenge with this particular study was the availability of cloud-free 

images for Allegheny County.  It is unfortunate that sometimes clouds are present at the 

time that Landsat images were taken, and thus images have to be patched to 

accommodate these obstructions.  While thermal emission is not obstructed by clouds, 
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some researchers suggested that shadows cast from clouds can result in lower 

temperatures in very small, localized areas (Wang et al., 2011). 

Spatial resolution of thermal imagery also is at a disadvantage for this type of 

study.  Since thermal imagery is originally collected at a 60 x 60 meter scale, there is a 

considerable aggregated information that could reveal more interesting and finely 

scaled temperature gradients if they were available at a higher resolution.   

Future research on this study may include creating a vulnerability index, which 

would incorporate the physical, demographic, and socioeconomic variables of each 

block group in order to determine which areas are overall the most vulnerable to 

extreme heat.  Were this research to be extended to a higher level, such as a 

dissertation, a vulnerability index would be a great addition to this study. 
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6 - Conclusion 

 This study extended climate justice research through a case study on Allegheny 

County, Pennsylvania, and Marion County, Indiana, by examining the changes in social 

and spatial inequalities of the distribution of urban heat between 1990 and 2010.  Data 

from the United States Census Bureau, American Community Survey, National Historic 

Geographic Information Service, USGS (Landsat TM and ETM+), and the National Land 

Cover Database were all used, along with the implementation of geostatistical 

techniques, to test the relationship between demographic, socioeconomic, and 

environmental remote sensing variables with derived land surface temperatures. 

The results of bivariate correlation analysis revealed mean LST to be significantly 

greater in neighborhoods with lower economic status and lower levels of education.  

Multiple regression analysis confirmed that land surface temperatures are more strongly 

related to socioeconomic variables, even after controlling for factors such as 

population density and spatial autocorrelation.  It is important to note, however, that 

the strength and specific socioeconomic variables related to land surface 

temperatures changes over time, and are different for each study area.  Implications of 

this study are that the population dynamics of each city are unique, and results from 

this study cannot be universally applied to other cities in other parts of the country.  This 

is why it is important for city planners, emergency response personnel, and local law 

enforcement to continually analyze and update their knowledge about the location 

and population density of vulnerable social groups in order to mitigate heat related 

illnesses and death, especially in areas where populations are particularly vulnerable to 

heat waves. 
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