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ABSTRACT 

 

 

The Birmingham Metropolitan Area experienced land use land cover (LULC) change 

over the last three decades, such as the development of urban area, the development of 

transportation system, deforestation, and rise of population. The main purpose of the thesis is to 

model and analyze the LULC change through last three decades in Birmingham area, and also 

simulate the LULC in next three decades. Landsat 5 Thematic Mapper (TM) and Landsat 8 

Operational Land Imager (OLI) data from U.S. Geological Survey (USGS) is used for 

investigating the LULC in Birmingham area. Supervised Classification is used; the maximum 

overall accuracy is 86.33%. Drivers such as transportation, topographic measures, population 

and income, location measures are analyzed. Remote sensing indices are also derived from 

Landsat data, such as NDVI, NDBI, MNDWI, and LST. Pearson’s Correlation test is run among 

the LULC proportion, drivers within counties and census tracts. Finally, the cellular automation 

model SLEUTH is used to simulate the future pattern of LULC. The results shows the 

Birmingham experienced a significant LULC change in last three decades. Transportation and 

slope are two main factors in terms of LULC change. In summary, the thesis completes a 

systematic LULC classification in Birmingham area in last three decades, and uses different 

methods to model and analyze LULC and eventually simulate the LULC pattern in next three 

decades. 
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1. INTRODUCTION 

1.1. Introduction 

This research is about modeling and analyzing Land Use and Land Cover (LULC) 

change using Landsat 5 Thematic Mapper (TM) and Landsat 8 Operational Land Imager (OLI) 

of the Birmingham, Alabama, Metropolitan Area. This research aims at identifying the LULC 

change and urban growth using remote sensing and Geographic Information System (GIS) 

technology. The time period of this research expands from 1988 to 2013. The research also 

makes use of the brand new Landsat Imagery, Landsat 8, to show the latest view of LULC and 

urban growth, after two year gap of no Landsat TM imagery since November 2011, because of 

the retirement of Landsat 5 and Scan Line Correction off (SLC) of Landsat 7. In addition, this 

research also brings itself to future, predicting the LULC and urban growth based on the 

historical data, using a very popular Cellular Automaton Model, SLEUTH. 

This research seeks to quantitatively estimate the LULC change in the Birmingham, AL, 

Metropolitan Area over a twenty-five year study period. It measures amount of LULC change in 

square kilometers, shows where and when the LULC change has occurred. It also measures the 

correlation coefficients among the LULC, remote sensing indices, population, income, and even 

topography, trying to find out the drivers of LULC change. In addition, it seeks to predict the 

future pattern of LULC and urban growth quantitatively, specifically, when and where the 

change will occur.  

1.2. General Background 
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Currently, more than half of the world’s population lives in cities and urban area, and this 

number is projected to reach 67.2% in 2050 (United Nations, 2012). Though urbanization 

promotes socioeconomic development and upgrades quality of life, urban expansion inevitably 

converts the natural and semi-natural ecosystems into impervious surface and thus has 

tremendous ecological and environmental problems (Miller, 2012). As the result, it is important 

to understand the LULC change. 

Human activities have, in recent years, become recognized as a major force shaping the 

biosphere. Human actions rather than natural forces are the source of most contemporary change 

in the states and flows of the biosphere. Therefore, understanding these actions and the social 

forces that drive them is of crucial importance for understanding, modeling, and predicting 

global environmental change and for managing and responding to such change. 

Land use land cover change, in other word, is land transformation (Tunner and Meyer, 

1991). Land use has been a concern primarily of social scientists. The term denotes the human 

employment of the land. Land uses include settlement, cultivation, pasture, rangeland, recreation, 

and so on. Land use change at any location may involve either a shift to a different use or an 

intensification of the existing one. Land cover, a concern principally of the natural sciences, 

denotes the physical state of the land. It embraces the quantity and type of surface vegetation, 

water, and earth materials. Land cover changes fall into two ideal types, conversion and 

modification. The former is change from one class of land cover to another. The latter is a 

change of condition within a land cover category (Meyer and Turner II, 1994). 

For most of human time, the modification of the earth by human action mainly involved 

impacts on the soil and biotic resources central to the agricultural base. Land transformation did 
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not abate, but rather accelerated and diversified with the onset of the Industrial Revolution, the 

globalization of the world economy, and the expansion of the population and technological 

capacity. Species have been thinned, exterminated, domesticated, or transplanted across 

continents; forests cleared; grasslands plowed or grazed; cropland and cities expanded; and 

wetland drained for millennia, yet never as rapidly worldwide as at present. Almost all of the 

world’s lands are now used and managed, albeit in widely varying degree of intensity (Richards, 

1990). 

Birmingham Metropolitan Area, consisting of Jefferson and Shelby County are located at 

central Alabama. The city area is 393 km
2
. The city population is 212,237, with population 

density 540.043/sq. km
2
 (Census Bureau, 2010). As the largest city in Alabama, Birmingham is 

experiencing a significant urban growth in past three decades. As population density increasing, 

the human activity is more apparent in this area. As Birmingham grow both in population and 

size, there is an increase in energy consumption, development of transportation system and 

transformation of land cover land use. 

Several factors are the drivers of historical rapid land use land cover changes. The 

existing urban land cover is the first factor. People prefer to set their house in country rather than 

in the city or suburbs. And rural environment may be more pleasant. There is less traffic and 

crime and more open space, fresh air, and privacy. As a result, much of the new housing and 

commercial developments in countryside comes in one of two forms: a wave of urban or 

suburban expansion that sweeps into the countryside; or scattered housing, offices, and stores 

outside of established cities and towns. As more people move the countryside, the landscape of 

countryside begins to change (Daniels, 1999).  
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Since the existing urban extent, there are many types of urban growth, which transforms 

the rural landscapes to urban forms in terms of urban land-use classes. There are three urban 

growth types: infilling, edge-expansion, and outlying. During infilling, a “hole” within an 

existing urban patch is filled with a newly developed urban patches (Liu et al., 2010). An edge-

expansion refers to newly developed urban patches spreading out from the edge of existing 

patches (Forman, 1995). And new urban patches isolated from existing urban patches 

characterized outlying growth (Liu et al., 2010). All these types of growth will lead to land use 

land cover change, and finally bring the environmental impacts, like poor air quality, more 

pavement that cause more urban run-off, and loss of land source such as agriculture (Sun et al., 

2011). 

Transportation infrastructure is one of the main factors of urban growth (Bhata, 2010).  

Transportation plays a crucial role in Land use Land cover change and urban development: 

transportation system improve the mobility of people and good and influence the pattern of land 

use land cover and level of economic activity through landscape accessibility (Meyer and Miller, 

2001). Fan et al. (2009), demonstrate that transportation corridors play an important role in urban 

expansion. Historian Kenneth T. Jackson points out that expensive roads, cars, and the 

consumption of enormous quantities of gasoline have made possible American’s urban sprawl 

pattern. No other technological advance has so changed the landscape. The automobile has 

meant greater personal freedom and more options of where to live in relation to work and 

shopping. The large amount of cars also generated a huge demand for roads. Roads, cars, and 

trucks enabled American’s to project suburbs over a much wider landscape and allowed more 

dispersed settlement patterns at a lower density than the trains or streetcars had (Daniels, 1999).  
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Furthermore, the topography of a city also affects the likelihood of residential settlement. 

The steep slope prevents the likelihood of settlement extending up. Although the cut and fill 

technology can make possible the development. The problem with fill is that it has a tendency to 

return to natural grade. The house built on fill is generally less stable than one placed on natural 

soils. Fill around a house tends to settle or wash in to the surrounding vegetation eventually 

smothering it. The slope impacts the development of driveways and roads in two distinct ways. 

Roads should be designed to follow the natural topography of the site, with gentle horizontal and 

vertical curves. Turning vehicles must slow appreciably to enter road. The steeper the road, the 

greater the reduction in speed required to prevent “bottoming out”. Steep slope development is 

typically at a low density; the per unit cost of utilities is generally higher than for developments 

constructed on flatter land. Developing on steep slope is expensive (Lee et al., 2008). 

The remote sensing and GIS are considered as an effective tool analyzing and modeling 

the LULC change. The most commonly used data is Landsat 5 TM data, with 30m resolution and 

short time period. In addition, we also have the Landsat 8 OLI data available now, which enable 

us to look at the latest situation of our study area. RS indices such as NDVI, NDBI, MNDWI and 

LST are usually used to facilitate the LULC change analysis. To assist the satellite image, many 

drivers of LULC will also be used, such biological and socio-economic data. Biological drivers 

include elevation, slope, or soil type; socio-economic drivers include population, income, and 

transportation and so on. Once we have all related data ready, we can integrated them into GIS 

used for further analysis of the biological and demographic characteristics of changes that are 

occurring and have occurred (Lo and Yang, 2002).  

1.3. Research Question 
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The purpose of this research is to identify where and when the LULC is and quantify how 

much change is occurring, and then make a prediction of future LULC. There are generally three 

research questions for this research:  (1) how does the land cover land use change in Birmingham 

area over the last three decades? (2) What is the relationship between the LULC change and 

other factors, such as biological factors and demographic factors? (3) If it is applicable to 

implement the Cellular Automaton model to simulate LULC pattern in Birmingham 

Metropolitan Area in next three decades? 

1.4. Objectives 

The technological process of remote sensing is adopted in this study. It consists of four 

steps: statement of the problem, data collection, data-to-information conversion, and information 

presentation (Jensen, 2007). 

The specific objectives are as follows: 

1. To perform a systematic land use land cover classification to show the land use land cover change in 

Birmingham area over last three decades. 

2. To perform a change detection for Birmingham Metropolitan Area. 

3. To investigate the relationship among the land cover land use change, remote sensing indices, 

topographic measures, and demographic statistics. 

4. To simulate the Land use land cover pattern in the next three decades using cellular automation model 

SLEUTH in Birmingham Area. 
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2. BACKGROUND AND LITERATURE REVIEW 

2.1. History of Land Use Land Cover Change in Birmingham 

After the Civil War, industry came to north and central Alabama in the form of mines and 

mills producing coal and iron. Alabama, having superior resources to neighboring Tennessee, 

Mississippi, and Georgia, became the South’s base for coal and iron production. Birmingham was at 

the epicenter of this. Coal deposits were prominent in the Warrior, Coosa, and Cahaba River valleys. 

By 1865 there were sixteen blast furnaces in present day Birmingham. By 1871, the city blocks and 

lots of what would become Birmingham had been laid out because of this boom in steel and coal. 

This expansion lasted throughout the 19
th

 and early 20
th

 Centuries. By 1950, activity in Alabama was 

increasingly centered in urban areas. Birmingham was the twenty-seventh largest city in the United 

States, trailing only New Orleans and Atlanta in the southeast. Since 1900, the population of 

Birmingham has quadrupled. Later in the 20th Century, Birmingham experienced growth resulting 

from the banking and medical industries, much of it attributed to the University of Alabama in 

Birmingham (UAB) (Rogers et al., 1994). Multiple cities have also emerged in the metro area such as 

Hoover, Pelham, Mountain Brook, etc., competing with Birmingham for land and population. The 

population of Jefferson County increases from 652,239 to 660,009 between 1990 and 2013; the 

population in Shelby County increases from 100,024 to 200,941 between 1990 and 2013 (Census 

Bureau, 2013). 

2.2. Land Use Land Cover Change in the World 

Land use land cover has been recognized by a variety of national and international bodies 

as a critical factor mediating between socioeconomic, political, and cultural behavior and global 
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environment changes, especially changes in atmospheric chemistry and potential climate change 

(Meyer and Turner II, 1994). 

Global and world-regional changes in three broad land types: forest/wood land, grass 

land, and settlement. The first two are clearly of global importance by any measure. The third, 

settlement, represents the most intensive form of land use and one that is expanding rapidly; 

possibly expanding at the expense of prime lands valuable for other uses, such as cultivation and 

wetlands; in the extreme form of megacities, the home for an ever-increasing share of the 

world’s population; and the source of large impacts on land cover locally, throughout the urban 

hinterlands, and at considerable distance (Meyer and Turner II, 1994). 

Forest are only one of many ecosystems that cover the world, all of which play a role in 

the radiation balance of the earth and in various biogeochemistry cycles related to climatic 

change. Since World War II, the upsurge of world population increased significantly, together 

with the widespread availability and use of trucks, tractors, and chain saws, has put an 

unprecedented strain on the world’s forest resources. No wood is too inferior to be harvested and 

used, and no location is too remote to be exploited. The regional impact has varied in large 

measure according to the development status of the countries concerned (Meyer and Turner II, 

1994). 

In addition, the rate of conversion of grasslands to croplands has slowed in developed 

world; in the developing world the rates are high and increasing, but quite variable from country 

to another. Grasslands are being degraded through overuse, with such consequence as soil 

erosion, changed floristic composition, and diminished productivity. 
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The dependence of humans on grass and grassland products is striking when the grass 

crop plants and the herbivore products of the grassland are aggregated. The croplands, the land 

that were once forests or more recently were once grasslands, are the most significant land cover 

for humankind, but the spatial integration of grasslands with croplands is almost always intimate 

(Graetz, 1994). 

In terms of human settlement, as land cover, settlement represents the most profound 

alteration of natural environment by people, through the imposition of structures, buildings, 

paved surfaces, and compacted bare soils on the ground surface. Settlements also create demands 

that lead to other land cover changes, such as storage of water in reservoirs (Main, 1990); the 

removal of vegetation by planted cover in gardens, parks, sports grounds, and golf courses; the 

alienation of ground for landfill and waste treatment; and the use of land for transportation routes. 

The area of land actually covered by the structure of settlements is small, but it nevertheless 

marks the most massive change in the flows of energy, water, and materials on the earth’s 

surface. As land use, cities and all settlements depend on the rural areas around them. The 

traditional models of land use around urban settlements illustrate the way in which settlements 

affect the surrounding countryside.  

People in settlements need food, raw materials, and relaxation, the gaining of all of which 

involves exploiting the natural resources of the vicinity.  The supply chains of modern cities are 

extensive and complex, so that events in one part of the world have implication of survivals or 

well-being in cities thousands of kilometers away. Equally, urban demands affect land cover far 

beyond their immediate neighborhood. Settlement expansion is thus both a compact direct 

change in land cover and a widespread force affecting land cover and land use in other areas. 
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While the percentage of people in urban areas has been growing, the size of settlements 

has been increasing enormously, their nature has been changing, and to some extent urban and 

rural areas have become less distinct. An indication of the overall differences in rates of 

expansion of settlements may be gained by examining the countries that have the fastest rates of 

increase of both urban and rural population (Douglas, 1994). 

2.3. Remote Sensing and GIS Techniques for Land Use Land Cover Analysis 

Remote Sensing (RS) and Geographic Information Science (GIS) Techniques have 

proved to be strong tool in facilitating the Land Use Land Cover Analysis all the time. Image 

classification, image enhancement, change detection, and zonal analysis can be easily done with 

these technologies. Image classification is useful, since it can covert the digital value of raw 

images into useful land use land cover thematic information. Note that data are transformed into 

information. Remote sensing has increasingly been used as a source of information for 

characterizing land use and land cover change at local, regional, and global scales (Jensen, 

2007). Land use land cover classification based on statistical pattern recognition techniques 

applied to multispectral remote sensor data is one of the most often used methods of information 

extraction (Jensen, 2007). There is a variety image classification methods: algorithm based on 

parametric and nonparametric statistics that use ratio and interval-scaled data and nonmetric 

methods that can also incorporated nominal scale (Duda et al., 2001); the use of supervised and 

unsupervised classification logic; the use of hard or soft (fuzzy) set classification logic to create 

hard or fuzzy thematic output products; the use of per-pixel or object-oriented classification 

logic, and hybrid approaches (Jensen, 2007). Many researches utilized the image classification 

for their land use land cover analysis. Bagan and Yamagata (2012), used subspace method 

classification, which is one of the supervised classification methods, to monitor the land use land 
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cover change within Tokyo Metropolitan Area. Subspace methods proved to be well suited for 

classifying mosaic imagery from heterogeneous and dynamic urban environment with accuracies 

ranging between 84.5% and 93.5% for the test datasets. Schneider (2012), used supervised 

classification with three different classification algorithms: A MS classifier, boosted DT, and 

SVM, in order to exploits multi-seasonal information in dense time stacks of Landsat imagery. 

Suarez-Rubio et al. (2010), used decision tree supervised classification to facilitate their 

research, which aims to separate exurban development from the surrounding landscape and from 

other mixed pixels with similar spectra. Sun et al. (2011), used object-oriented classification to 

identify three urban growth types of infilling growth, outlying growth and edge-expansion 

growth at the city of Guangzhou, China. Aljoufie et al. (2013), used ISODATA clustering 

classification algorithm for investigation of Land use change in Jeddah. Li et al. (2013), used 

object-based classification method to separate developed land from non- developed land. 

The image enhancement is the second part. Image enhancement algorithms are applied to 

remotely sensed data to improve the appearance of an image for human visual analysis or 

occasionally for sequent machine analysis (Jensen, 2007). Remote sensing indices are kind of 

image enhancement, which proved by many research a good way to facilitating land use land 

cover change. Zhou and Wang (2011), utilized Normalized Difference Vegetation Index (NDVI), 

Normalized Difference Built-up Index (NDBI), Modified Normalized Difference Water Index 

(MNDWI), and Land Surface Temperature (LST) to reveal land use land cover change and their 

relationships in Kunming, China. Nayak and Mandal (2012), used LST and NDVI to investigate 

the impact of land use land cover change, and the inner relationship among LST, NDVI and 

temperature trends. The result indicated that the land use land cove change had contributed to 

warming over Western India. Sun et al. (2011), used NDVI, NDBI, Normalized Difference 
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Barren Index (NDBaI), MNDWI, and LST to investigate their relationship to land use land cover 

in Guangzhou, China. The results showed that NDVI, NDBI, NDBaI, MNDWI were effective 

indicator for quantifying LULC impacts on LST. Yue et al. (2007), used LST and NDVI, to 

investigate their relationship to Land use type and land use pattern in Shanghai, China. The 

results showed LST and NDVI can be considered to be two basic indices to study the urban 

ecological environment. 

It is clear to investigate the land use land cover in Birmingham first using appropriate 

method. Remote sensing and GIS proved to be good tools. Much research has been done. Yang 

and Lo (2002), performed analysis of driving forces for the land use land cover change within 

counties and census tracts in Atlanta Metropolitan Area. They include the landscape ecological 

measures, topographic measures, population and income, and location measure as their drivers. 

Finally they predict the future urban change and landscape change based on the results of driving 

force analysis. Bagan and Yamagata (2012), incorporated the GIS 1km
2
 grid cell methods with 

remote sensing data to investigate relationship between the land cover change and socio-

economic data. Aljoufie et al. (2013), developed 7 spatial indicators to quantify and analyze the 

relationship between spatial-temporal urban growth and transportation. Shi et al. (2012), 

developed six spatial rules to identify tree urban growth types of infilling, edge-expansion and 

outlying in 2000-2008, based on the common boundary and landscape expansion index analysis. 

A series of buffer rings were created, extending outward from the city center to detect the land 

type change within the rings. Hu and Lo (2007), applied logistic regression to model urban 

growth in the Atlanta Metropolitan Area of Georgia in a GIS environment and to discover the 

relationship between the urban growth and the driving forces. Du et al. (2013), assessed urban 

ecological security based on multi-temporal RS information and GIS. As a case study, the 
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changes in spatial patterns of urban ecological security in Xuzhou city, China, are evaluated 

during its transformation from a coal mining industrial city to a modern one with decreasing 

mining production. Zhou and Wang (2011); Sun et al. (2011); Yue et al. (2007), they use the 

remote sensing indices, such as NDVI, NDBI, MNDWI and LST to facilitate the analysis of the 

LULC change. Since these remote sensing indices provide details about the vegetation, urban, 

water and surface temperature, we can analyze the LULC change from many different aspects 

and also build the relationship among them. 

2.4. Cellular Automaton Model 

The cellular automaton model is a discrete model studied in wide range of fields. Cellular 

automata are also called cellular spaces (Wolfram, 1983). A cellular automaton consists of a 

regular grid of cells, each in one of a finite number of states, such as on and off. The grid can be 

in any finite number of dimensions. For each cell, a set of cells called its neighborhood is defined 

relative to the specified cell. An initial state (time t=0) is selected by assigning a state for each 

cell. A new generation is created, according to some fixed rule that determines the new state of 

each cell in terms of the current state of the cell and the states of the cells in its neighborhood. 

Typically, the rule for updating the states of cells is the same for each cell and does not change 

over time and is applied to the whole gird simultaneously, though exceptions are known 

(WIKIPEDIA, 2014). 

The cellular automaton (CA) model for land use land cover simulation was developed by 

Clarke and Gaydos in 1998. The model is dynamic, scale independent, and future oriented. The 

behavior rules used for land use land cover simulation in the model consider not only the spatial 

properties of neighboring cells but also existing urban spatial extent, transportation, and terrain 
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slopes. The model can also modify itself if extensive growth or stagnation leads to aberrations 

from linear normal growth development. The model can be verified through rigorous past-to-

present calibration using historical land use land cover data (Lo and Yang, 2002). 

The major purpose of CA model is to generate the best-fit five control parameters based 

on the historical land use land cover data. The five control parameters are diffusion coefficient, 

breed coefficient, spread coefficient, slope resistance, and road gravity. Each parameter 

determines the growth rule. The future land use land cover is simulated using this rule based on 

the previous land use land cover extent. A very intensive model calibration is required for five 

control parameters. Many researches have been done in terms of calibration improvement, five 

coefficient derivations, not only in cities of United States, but also those in the world. Lo and 

Yang (2002), use the CA Model to simulate the land use land cover pattern at census tract level 

in Atlanta, Metropolitan Area from 1999-2050. The simulation accuracy was poor for 

cultivated/exposed land but best for forest and water. Urban use was about 40 percent accurate. 

The overall accuracy varied from 61% to 74%. CA model was used to forecast land use change 

in Pike and Wayne Counties, Pennsylvania. Since the model is Self-modification, they designed 

six growth scenarios for Pike County and four growth scenarios for Wayne County. The new 

edition of SLEUTH model, SLEUTH-3r was able to accurately simulate the urban land cover 

change patterns between 1984 and 2005 (Jantz et al., 2009). Zhang et al. (2010), explore the 

combined application of remote sensing, spatial metrics and urban model to analyze the urban 

from change using CA SLEUTH model of Nanjing City, China since 1979. They calibrated the 

multi-temporal data sets for the entire study region and predicted the urban growth to the year 

2020. They found that the urban extent of Nanjing will reach 1311.2 km
2
 in 2020. Sangawongse 

et al. (2005), applied the CA SLEUTH cellular automata model to explore land use dynamics of 
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the two Asian cities Chang Mai and Taipei over several decades. They revealed that the 

SLEUTH model can be applied to study urban land use dynamics in both countries, when some 

adaptations for spatial accuracy and scale sensitivity are made. 

2.5. Field Trip 

 The purpose of field trip is to get better understanding of land use land cover spatial 

distribution and change in study area, particularly along the Interstate Highway and U.S. Route. 

Pictures were taken during the field trip, with GARMIN etrex 10 GPS device used to record the 

location of the pictures. The experience and pictures of field trip can facilitate the supervised 

classification and accuracy assessment, and can support, proves the analysis of land use land 

cover in study area. 

 The field trip was on February 23, 2014, on Sunday. It was 40 °F to 73 °F, clear in study 

area. Me and Alex Qifan Nie left my apartment, Caleb House Apartment at 9:00 am and finished 

our filed trip at 3:30 pm. There were five main stops during the field trip: Oak Mountain State 

Park, Lake Purdy, A gas station at intersection of Cahaba Valley Road and U.S. Route 82, Seoul 

Restaurant, and Birmingham Downtown Area. 

 The 1
st
 stop of field trip was Oak Mountain State Park. The purpose of this stop was to 

get better understanding of the Forest, Water, and Growing Vegetation. We left from Tuscaloosa 

at 9:00 am and arrived at Oak Mountain State Park at 10:02 am. We drove 57 miles via I-20, I-

459, I-65, and AL-119 S. We stayed here from 10:02 am to 11:13 am. The Oak Mountain State 

Park was mainly covered by water and forest land cover. The growing vegetation and light 

vegetation land cover can also be found around the park area. At the peak of Oak Mountain State 
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Park, we could see several business centers scattering around the park area. See Figure 2.1 to 

Figure 2.3. 

 

Figure 2.1 Forest in Oak Mountain State Park 

 

Figure 2.2 Overview at the top of Oak Mountain State Park 
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Figure 2.3 A Lake at Oak Mountain State Park 

The 2
nd

 stop of field trip was Lake Purdy. The purpose of this stop was to get better 

understanding of the Forest, Water land cover, and Low Intensity Urban/Residential land use. 

We left from Oak Mountain State Park at 11:13 am and arrived at Lake Purdy at 11:41 am. We 

drove 19 miles via Cahaba Valley Road all the way. We stayed here from 11:41 am to 11:50 am. 

The Lake Purdy was mainly covered by water and forest land cover. There were many residential 

blocks along whole Cahaba Valley Road. See Figure 2.4. 
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Figure 2.4 Lake Purdy 

 The 3
rd

 stop of field trip was a gas station at the intersection of Cahaba Valley Road and 

U.S. Route 82. The purpose of this stop was to get better understanding of High Intensity Urban/ 

Developed and Low Intensity Urban/Residential land use. We left from Lake Purdy at 11:50 am 

and arrived at 11:59 am. We drove 4 miles via Cahaba Valley Road. We stayed here from 11:49 

am to 12:05 pm. Because of its intersection location, this area was covered by High Intensity 

Urban/ Developed land use, like gas station, commercial chain store, and banks. Low Intensity 

Urban/Residential land use covered outside the intersection. See Figures 2.5 to Figure 2.7. 
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Figure 2.5 U.S. 280 

 

Figure 2.6 A Gas station at the intersection of Cahaba Valley Road and U.S. 280 
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Figure 2.7 A small business center at the intersection of Cahaba Valley Road and U.S. 280 

 The 4
th

 stop of field trip was Seoul Restaurant. The purposes of this stop was for lunch 

and also get better understanding of how land use land cover distributes along the U.S. 280. We 

left from last stop at 12:05 pm and arrived at Seoul Restaurant at 12:34 pm. We drove 11 miles 

all way along the U.S. 280. I can frequently see small business center, residential area, chain 

stores and gas stations. As we approaching the intersection of I-459 and U.S. 280, the High 

Intensity Urban/Developed land use became much more intense, with Low Intensity 

Urban/Residential land use distributed along the I-459 and U.S. 280. See Figure 2.8. 
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Figure 2.8 The intersection of U.S. 280 and I-459 

 The final stop of field trip was Birmingham Downtown Area. The purpose of this stop 

was to get better understanding of High Intensity Urban/Developed land use. We left from Seoul 

Restaurant at 1:22 pm and arrived at Downtown Birmingham at 1:33 pm. We drove 4.9 miles via 

I-65 N, I-20 E. we stayed here for 20 minutes. The downtown area was mainly covered by High 

Intensity Urban/Developed land use and Light Vegetation land cover. The number of population 

and cars were apparently smaller than its suburb, giving us a miserable feeling, although it was 

downtown area. There were also several parks in the city covered by Growing Vegetation and 

Light Vegetation. See Figure 2.9 to Figure 2.11. 
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Figure 2.9 Birmingham downtown street view (a) 

 

Figure 2.10 Birmingham downtown street view (b) 
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Figure 2.11 A park in Birmingham downtown with grassland 

 In summary, I have several conclusions from the field trip. When we approached 

Birmingham downtown area via I-20, I-65, or U.S. 280, the land use land cover switched from 

Forest to High Intensity Urban/Developed land. Low Intensity Urban/Residential land use was 

usually along Highway in suburb area, with more tree cover, and water cover.  The road 

intersections were expected to see more High Intensity Urban/Developed land use. High slope 

area, like mountain was covered by Forest, Growing Vegetation, Light Vegetation and Water.  
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3. METHODOLOGY 

3.1. Introduction 

This chapter introduces the methodology work flow of the study, including introduction 

of study area, data acquisition and preprocessing, image classification and enhancement, 

statistical analysis, and model implementation. 

3.2. Study Area 

The study area consists of Jefferson county and Shelby county. The focus is on the city 

Birmingham metropolitan area and its suburbs. The Birmingham area covers the Jefferson and 

Shelby Counties, located at mid-Alabama. The city area is 393 km
2
. The city population is 

212,237, with population density 540.043/sq. km
2
 (Census Bureau 2010). Birmingham has a 

humid subtropical climate, characterized by hot summers, mild winters, and abundant rainfall. 

The mean elevation is 173 meters, lowest at 73.99 meters, highest at 454.73 meters. The mean 

slope is 11.31 in percentage, highest at 96.11. The Birmingham is also connected by the 

Interstate Highway and U.S. Highway, such as, I-20, I-65, I-59, I-22, U.S. Hwy 31 and U.S. Hwy 

280. See Figure 3.1. 
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Figure 3.1 Study Area 

3.3. Data 

3.3.1. Satellite Images 

The Landsat 5 Thematic Mapper (TM) and Landsat 8 Operational Land Imager 

(OLI)/Thermal infrared Sensor (TIRS) imagery are used for this study. The Landsat 5 TM 

satellite image contains 7 bands: 3 visible bands, 2 Near-Infrared (NIR) bands, 1 Thermal band, 

and 1 Middle-Infrared (MIR) band. The resolution for visible, NIR and MIR bands are 30 

meters, for thermal is 120 meters. All the data is stored as 8-bit format (Landsat 5 History, 2013). 

The Landsat 8 was launched on February 11, 2013. It contains 11 bands: 4 visible bands, 1 NIR 

band, 2 Short Wave Infrared (SWIR) bands, 1 panchromatic band, 1 cirrus band, and 2 thermal 

bands. The resolution for visible, NIR, SWIR, and cirrus bands are 30 meters, for panchromatic 
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bands is 15 meters, for thermal bands is 100 meters. All data is stored as 16-bit format. The orbit 

system for Landsat 5 and 8 is Worldwide Reference System-2 (WRS-2) path/row system 

(Landsat 8 (LDCM) History, 2013). The Table 3.1 and Table 3.2 show the spectral band details 

of Landsat 5 TM and Landsat 8 OLI sensors. 

Table 3.1 Spectral bands details of Landsat 5 TM sensor 

Bands number Wavelength  (μm) Spatial resolution (m) 

Band 1 Visible 0.45-0.52 30 

Band 2 Visible 0.52-0.60 30 

Band 3Visible 0.63-0.69 30 

Band 4 Near-Infrared 0.76-0.90 30 

Band 5 Near-Infrared 1.55-1.75 30 

Band 6 Thermal 10.40-12.50 120 

Band 7 Mid-Infrared 2.08-2.35 30 

 

Table 3.2 Spectral bands details of Landsat 8 OLI/TIRS sensor 

Bands number Wavelength  (μm) Spatial resolution (m) 

Band 1 Visible 0.43-0.45 30 

Band 2 Visible 0.45-0.51 30 

Band 3 Visible 0.53-0.59 30 

Band 4 Red 0.64-0.67 30 

Band 5 Near-infrared 0.85-0.88 30 

Band 6 SWIR 1 1.57-1.65 30 

Band 7 SWIR 2 2.11-2.29 30 

Band 8 Panchromatic 0.50-0.68 15 

Band 9 Cirrus 1.36-1.38 30 

Band 10 TIRS 1 10.6-11.19 100 

Band 11 TIRS 2 11.5-12.51 100 

 

The study spans from 1988 to 2013, about three decades. Since the WRS-2 Orbit system, 

the Jefferson and Shelby counties are not covered by the whole scene. Tow scene are used with 

path/row: 20/37 and 21/37. The images were downloaded for 1988, 1955, 2000, 2006, 2010, 

2013 from the USGS Global Visualization Viewer (GLOVIS) and Earth Explorer. For 1988 

Landsat 5 images from October 12, 1988 and October 22, 1989 were obtained. For 1995 Landsat 

5 images from October 16, 1995 was obtained. For 2000 Landsat 5 images from October 13, 

2000 and October 4, 2000 were obtained. For 2006 Landsat 5 images from October 14, 2006 and 
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October 5, 2006 were obtained. For 2010 Landsat 5 images from October 9, 2010 and October 

16, 2010 were obtained. For 2013 Landsat 8 imaged from September 15, 2013 and September 6, 

2013 was obtained. The Table 3.3 below shows the summary of the data used for this study. The 

Figure 3.2 and Figure 3.3 show raw images of Landsat 5 TM and Landsat 8 OLI/TIRS in study 

area. 

The images in Figure 3.2 and Figure 3.3 are displayed as False Color Composite. False 

color composite is a common way showing Landsat images, which NIR band is assigned to red 

channel, Red band is assigned to green channel, and Green band is assigned to blue channel. 

Table 3.3 Summary of Landsat images used for study area 

Path: 20/Row: 37 Path: 21/Row: 37 System 

October 12, 1988 October 22, 1989 Landsat 5 TM 

October 16, 1995  Landsat 5 TM 

October 13, 2000 October 4, 2000 Landsat 5 TM 

October 14, 2006 October 5, 2006 Landsat 5 TM 

October 9, 2010 October 16, 2010 Landsat 5 TM 

September 15, 2013 September 6, 2013 Landsat 8 OLI/TIRS 
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Figure 3.2 Landsat 5 TM raw image in study area, 1988 
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Figure 3.3 Landsat 8 OLI/TIRS raw image in study area, 2013 



 

30 

 

Because of the image classification and image change detection, there are several 

consideration for the images. For the quality of image, all imaged should be cloud free, since 

cloudy area affect the accuracy of image classification. For the temporal resolution, two temporal 

resolutions should be held constant during change detection using multiple dates of remotely 

sensed data. First the data should be obtained from a sensor system that acquires data at 

approximately the same time of day. Landsat system is solar synchronized, which obtained the 

data at 9:45 am local time. This eliminated diurnal sun angle effects that can cause anomalous 

differences in the reflectance properties of the data. Second, it is desirable to use data acquired 

on anniversary dates, it minimizes the influence of seasonal Sun-angle and plant phonological 

difference that can negatively impact a change detection project (Jensen et al., 1993). 

3.3.2. Reference and Collateral Data 

The use of some form of remote sensing data is very important when we employing 

remotely sensed data. The reference data are often referred to by the term ground truth, it could 

be used to aid in the analysis and interpretation of remotely sensed data, to calibrate a sensor and 

to verify information extracted from remote sensing data. It is ideal that this data is GIS 

compatible (Lillesand et al., 2004). The reference data was obtained from Google Earth, the 

University of Alabama Map Library, the United Stated Census Bureau, the United States 

Geological Survey, the United States Department of Transportation, and the National Historical 

GIS (NHGIS). The Google Earth provides high resolution air photo, pictures and street view. 

The University of Alabama Map Library provides historical aerial photo before 1980s. The 

United States Census Bureau provides the TIGER shapefiles and Census data of population and 

income. The TIGER shapefiles includes roads, boundaries, water bodies, and streams. All the 

shapefiles are in scale 1:1,000,000. The United States Geological Survey Provides Digital 
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Elevation Model (DEM). Two DEMs were obtained for study Jefferson and Shelby Counties. 

The United States Department of Transportation provides the National Transportation Atlas 

Database (NTAD). The NTAD 2010, NTAD 2007 and NTAD 2000 were used for deriving the 

highway shapefiles. The National Historical GIS provided the historical census tract shapefiles, 

population and income data for 1980 and 1990. 

3.4. Remote Sensing Data Processing 

3.4.1. Image Preprocessing 

It would be wonderful if every remotely sensed image contained data that were already in 

their proper geometric x, y location. If it is not the case, the geometric correction is needed. This 

allows remote sensing-derived information to be related to other thematic information in 

geographic information system or spatial decision support system (Jensen, 2007). Geometrically 

corrected imagery can be used to extract accurate distance, polygon area, and direction 

information (Wolf, 2002). All Landsat standard data products are processed using Level Product 

Generation System (LPGS). The Level 1G (Systematic Correction) provides systematic 

radiometric and geometric accuracy, which is derived from data collected by the sensor and 

spacecraft. Geometric accuracy of the systematically corrected product is within 250 meters (1 

sigma) for low-relief areas at sea level. The projection of all images is Universal Transverse 

Mercator (UTM) Zone 16 N, World Geodetic System (WGS) 84 datum (Landsat Processing 

Details 2013). We don’t need to do the geometric correction here because Level 1G product has 

already been geometrically rectified and meets the accuracy standard. 

The next step is to produce the image within my study area. The subset and mosaic 

process are used for this step. The subset of image can minimize our dataset to our study area 
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boundaries, which can improve the efficiency of post image processing. The mosaic step can 

combine multiple images into single seamless composite images (Jensen, 2007). The subset and 

mosaic process can be easily implemented with the ERDAS IMAGINE 10.1. The general steps 

are as follow. First, the individual image should be rectified to the same map projection and 

datum. Next, the image with path/row 21/37 is designated as the base images. The base image 

overlaps 20%-30% with images with path/row 20/37. A geographic area in the overlap region is 

identified. The color correction is needed. I use the color balancing and histogram matching 

method to apply the histogram of base image to image two, which makes two images have 

approximately the same grayscale characteristics (Research Systems, 2002). In order to create 

seamless image, I use the seamline generation options to create the seamline using Most Nadir 

Seamline. For the subset, I set the output option of the mosaic. I define output map area using the 

boundaries of Jefferson and Shelby Counties. To view subset mosaic image, see Figure 3.4. 
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Figure 3.4 Landsat subset mosaic image 
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3.4.2. Image Classification 

Before doing the image classification, we should determine the Land Use Land Cover 

(LULC) classification schemes. Land cover refers to the type of material present on the 

landscape. Land use refers to what people do on the land surface (Jensen, 2007). There are many 

LULC classification scheme in the world. The classification scheme for this study is based on 

U.S. Geological Survey (USGS) Land-Use/Land-Cover Classification for Use with Remote 

Sensor Data modified for the National Land Cover Dataset and NOAA Coastal Change Analysis 

Program (NOAA, 2004). It contains 22 classes. For the diagram of the classification level, see 

Table 3.4. For this study, the total six LULC classes were used: High Intensity Urban/Developed 

Land, Low Intensity Urban/Residential, Water, Forest, Growing Vegetation, and Light 

Vegetation. High Intensity Urban/Developed Land is comprised of areas of intensive use with 

much of the land covered by structures. The Low Intensity Urban/Residential land uses ranged 

from high density, represented by the multiple-unit structures of urban cores, to low density, 

where houses are on lots of more than an acre, on the periphery of urban expansion. The areas of 

sparse residential land use, such as farmsteads are included in this class. The water includes 

streams and canals, lakes, reservoirs, and bays and estuaries. The forest land have a tree-crown 

areal density of 10 percent or more, are stocked with trees capable of producing timber or other 

wood products, and exert an influence on the climate or water regime. The growing vegetation 

includes the agriculture land with growing crops, herbaceous rangeland, shrub and bush 

rangeland, and mixed rangeland. The Light vegetation include the barren soil, agriculture land 

without growing crops, and rangeland with vegetation cover less than 10% (Anderson et al., 

1976). 
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Table 3.4 U.S. Geological Survey Land-Use/Land-Cover Classification System for Use with Remote Sensor Data modified 

for the National Land Cover Dataset and NOAA Coastal Change Analysis Program (Jensen, 2007) 

Classification Level 

1 Water 

11 Open Water  

12 Perennial Ice/Snow 

2 Developed 

21 Low-Intensity Residential 

22 High-Intensity Residential 

23 Commercial/Industrial/Transportation 

3 Barren 

31 Bare Rock/Sand/Clay 

32 Quarries/Strip Mines/Gravel Pits 

33 Transitional 

4 Forested Upland 

41 Deciduous Forest 

42 Evergreen Forest 

43 Mixed Forest 

5 Shrubland 

51 Shrubland 

6 Non-Natural Woody 

61 Orchards/Vineyards, Other 

7 Herbaceous Upland Natural/Seminatural Vegetation 

71 Grasslands/Herbaceous 

8 Herbaceous Planted/Cultivated 

81 Pasture/Hay 

82 Row Crops 

83 Small Grains 

84 Fallow 

85 Urban/Recreation 

86 Grasses 

9 Wetland 

91 Woody Wetlands 

92 Emergent Herbaceous Wetlands 
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The classification scheme used for this study is the supervised classification. In a 

supervised classification, the identity and location of some of the land cover types are known a 

priori through a combination of filed work, interpretation of aerial photography, map analysis, 

and personal experience (Hodgon et al., 2003). The training sites are used that represent the 

spectral characteristics of homogenous land cover types. For selection of training sites, the 

Google Earth was used to mark the area of my training sites.  And then I imported the Google 

Earth Landmark (Figure 3.5) into EARDAS IMAGNINE 10.1 to facilitate my training sample 

selection. I selected five samples for each class. For the statistics of the training sites, see Table 

3.5 to 3.10. Two band combinations were used. Two band combinations are used. Band 

combination 4 3 2 (NIR, Red, Green) is very good for identifying urban, residential and forest 

area. Band combination 5 4 3 (NIR, NIR, Red) is good for identifying growing vegetation and 

light vegetation. Each type of sample is then combined as one spectral category and assigned as 

appropriate color to create the signature files. The signature file stores the spectral characteristics 

of each class. Once I finish create my signature file, the next step is to determine the appropriate 

image classification algorithm. There are two category of algorithm: parametric methods and 

nonparametric methods. The parametric methods assume normally distributed remote sensor data 

and knowledge about the forms of the underlying class density functions (Duda et al., 2001). 

Nonparametric methods usually applied to remote sensor data that are not normally distributed 

and without the assumption that the forms of the underlying densities are known (Jensen, 2007). 

The parametric rule used for this study is maximum likelihood classification algorithm. It 

decides the spectral characteristics based on the probability. The nonparametric rule used for this 

study is parallelepiped. For the maps of supervised classification, see Figure 3.6 to Figure 3.11. 
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Figure 3.5 Training sites snapshot in Google Earth 
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Table 3.5 Training sites statistics of study area in 1988 

LULC Classes Number of Training Sites Total Number of Pixels 

High Intensity Urban/Developed Land (H) 5 2082 

Low Intensity Urban/Residential (R) 5 5434 

Water (W) 5 2656 

Forest (F) 5 33587 

Light Vegetation (L) 5 2177 

Growing Vegetation (G) 5 1698 

 

Table 3.6 Training sites statistics of study area in 1995 

LULC Classes Number of Training Sites Total Number of Pixels 

High Intensity Urban/Developed Land (H) 5 1832 

Low Intensity Urban/Residential (R) 5 3504 

Water (W) 5 2417 

Forest (F) 5 20363 

Light Vegetation (L) 5 1252 

Growing Vegetation (G) 5 1370 

 

Table 3.7 Training sites statistics of study area in 2000 

LULC Classes Number of Training Sites Total Number of Pixels 

High Intensity Urban/Developed Land (H) 5 2702 

Low Intensity Urban/Residential (R) 5 5129 

Water (W) 5 2300 

Forest (F) 5 34043 

Light Vegetation (L) 5 5047 

Growing Vegetation (G) 5 1887 

 

Table 3.8 Training sites statistics of study area in 2006 

LULC Classes Number of Training Sites Total Number of Pixels 

High Intensity Urban/Developed Land (H) 5 2475 

Low Intensity Urban/Residential (R) 5 3277 

Water (W) 5 2308 

Forest (F) 5 24289 

Light Vegetation (L) 5 1369 

Growing Vegetation (G) 5 1073 

 

Table 3.9 Training sites statistics of study area in 2010 

LULC Classes Number of Training Sites Total Number of Pixels 

High Intensity Urban/Developed Land (H) 5 2235 

Low Intensity Urban/Residential (R) 5 4692 

Water (W) 5 2300 

Forest (F) 5 24699 

Light Vegetation (L) 5 1199 

Growing Vegetation (G) 5 1128 
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Table 3.10 Training sites statistics of study area in 2013 

LULC Classes Number of Training Sites Total Number of Pixels 

High Intensity Urban/Developed Land (H) 5 2404 

Low Intensity Urban/Residential (R) 5 3277 

Water (W) 5 2291 

Forest (F) 5 19283 

Light Vegetation (L) 5 1032 

Growing Vegetation (G) 5 1609 

 

  



 

40 

 

 

Figure 3.6 Supervised classification of study area in 1988 
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Figure 3.7 Supervised classification of study area in 1995 
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Figure 3.8 Supervised classification of study area in 2000 
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Figure 3.9 Supervised classification of study area in 2006 
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Figure 3.10 Supervised classification of study area in 2010 
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Figure 3.11 Supervised classification of study area in 2013 

  



 

46 

 

3.4.3. Accuracy Assessment 

It is very important to derive information from remotely sensed data at local, regional, 

and global scales (Johannsen et al., 2003). The thematic information must be accurate in order to 

make decision throughout the world (Jensen, 2007). However, errors always occur when we 

derive the thematic information. As the result, remote sensing thematic maps should be subjected 

to a thorough accuracy assessment before being used in scientific investigations and policy 

decisions (Stehman and Czaplewski, 1998). 

The general steps of accuracy assessment are as follows. First, we should state the nature 

of thematic accuracy assessment problem. Second, we should select methods of thematic 

accuracy assessment. Third, we should determine the total numbers of observations required in 

the samples. Forth, we select sampling design. Fifth, we should obtain ground reference data at 

observation locations. Sixth, we should create the error matrix and calculate the accuracy 

statistics. Finally, we should determine if the accuracy is acceptable (Jensen, 2007). 

The accuracy assessment sampling method used for this study is based on stratified 

random sampling method. It generates the same number of samples from each land class after 

thematic map has been prepared. It involves two steps. The land cover strata are generated based 

on my thematic maps. Then the equal number of random points is created randomly distributed 

within each stratum. The main advantage of stratified random sampling is that all strata, no 

matter how small their proportions of the entire area, will have samples allocated to the for error 

evaluation (Jensen, 2007). 

  For the process of accuracy assessment, the ERDAS IMAGINE 10.1 was used. It is very 

easy to generated same number of random points within each land classes. My supervised 
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classification of each image consisted of six classes. I generated a total of 300 random points of 

each image with same number 50 points per LULC class. The Google Earth, Image with band 

combination 4 3 2, and image with band combination 5 4 3 were opened side by side to do the 

accuracy assessment. After checking for each point for each year, the accuracy statistics was 

calculated, including overall accuracy and kappa statistics. The overall accuracy is the total 

number of correctly classified point and total number of random points. The error matrix was 

built for analysis of accuracy assessment. The error matrix compares the two source of 

information: pixels or polygons in a remote sensing-derived classification, and ground reference 

test information. See Table 3.11 to Table 3.16 for error matrix of each year. In Table 3.11, the 

diagonal of the matrix, heighted by box, summarizes those pixels or polygons that are assigned 

to the correct class. The column and row totals around the margin of the matrix are used to 

compute errors of inclusion (commission errors) and errors of exclusion (omission errors). The 

outer row and column totals are used to compute producer’s and user’s accuracy (Jensen, 2007). 

Table 3.11 Error matrix of classification in study area, 1988 

Reference Data 

Classification U R W F L G Row Total 

U 43 0 0 0 7 0 50 

G 0 42 0 1 6 1 50 

W 0 0 50 0 0 0 50 

F 0 1 1 48 0 0 50 

L 1 7 0 6 36 0 50 

G 0 0 0 5 5 40 50 

Column Total 44 50 51 60 54 41 300 

Overall Accuracy = 259/300 = 86.33% 

Producer’s Accuracy 

U = 43/44 = 97.73%     2.27% omission error 

R = 42/50 = 84.00%    16.00% omission error 

W = 50/51 = 98.04%    1.96% omission error 

F = 48/60 = 80.00%    20.00% omission error 

L = 36/54 = 66.67%    33.33% omission error 

G = 40/41 = 97.56%    2.44% omission error 

User’s Accuracy 

U = 43/50 = 86.00%    14.00% commission error 

R = 42/50 = 84.00%    16.00% commission error 

W = 50/50 = 100.00%    0.00% commission error 

F = 48/50 = 96.00%        4.00% commission error 

L = 36/50 = 72.00%    38.00% commission error 

G = 40/50 = 80.00%    20.00% commission error 
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Table 3.12 Error matrix of classification in study area, 1995 

Reference Data 

Classification U R W F L G Row Total 

U 36 3 1 0 10 0 50 

G 1 37 1 4 3 4 50 

W 0 0 50 0 0 0 50 

F 0 1 0 49 0 0 50 

L 0 4 0 1 38 7 50 

G 0 2 0 1 3 44 50 

Column Total 37 47 52 55 54 55 300 

Overall Accuracy = 254/300 = 84.67% 

Producer’s Accuracy 

U = 36/37 = 97.30%    2.70% omission error 

R = 34/47 = 78.72%    21.28% omission error 

W = 50/52 = 96.15%    3.85% omission error 

F = 49/55 = 89.09%    10.91% omission error 

L = 38/54 = 70.37%    29.63% omission error 

G = 44/55 = 80.00%    20.00% omission error 

User’s Accuracy 

U = 36/50 = 72.00%    28.00% commission error 

R = 37/50 = 74.00%    26.00% commission error 

W = 50/50 = 100.00%    0.00% commission error 

F = 49/50 = 98.00%    2.00% commission error 

L = 38/50 = 76.00%    24.00% commission error 

G = 44/50 = 88.00%    12.00% commission error 

 

Table 3.13 Error matrix of classification in study area, 2000 

Reference Data 

Classification U R W F L G Row Total 

U 45 0 0 0 5 0 50 

G 2 36 0 9 3 0 50 

W 2 0 48 0 0 0 50 

F 0 1 2 46 1 0 50 

L 3 4 0 5 38 0 50 

G 0 4 1 3 7 35 50 

Column Total 52 45 51 63 54 35 300 

Overall Accuracy = 248/300 = 82.67% 

Producer’s Accuracy 

U = 45/52 = 86.54%    13.46% omission error 

R = 36/45 = 80.00%    20.00% omission error 

W = 48/51 = 94.12%    5.88% omission error 

F = 46/63 = 73.02%    26.98% omission error 

L = 38/54 = 70.37%    29.63% omission error 

G = 35/35 = 100.00%    0.00% omission error 

User’s Accuracy 

U = 45/50 = 90.00%    10.00% commission error 

R = 36/50 = 72.00%    28.00% commission error 

W = 48/50 = 96.00%    4.00% commission error 

F = 46/50 = 92.00%    8.00% commission error 

L = 38/50 = 76.00%    24.00% commission error 

G = 35/50 = 70.00%    30.00% commission error 
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Table 3.14 Error matrix of classification in study area, 2006 

Reference Data 

Classification U R W F L G Row Total 

U 45 1 0 1 3 0 50 

G 1 37 0 9 2 1 50 

W 0 0 50 0 0 0 50 

F 0 3 1 45 0 1 50 

L 0 4 0 2 40 4 50 

G 0 5 0 5 1 39 50 

Column Total 46 50 51 62 46 45 300 

Overall Accuracy = 256/300 = 85.33% 

Producer’s Accuracy 

U = 45/46 = 97.83%    2.17% omission error 

R = 37/50 = 74.00%    26.00% omission error 

W = 50/51 = 98.04%    1.96% omission error 

F = 45/62 = 72.58%    27.42% omission error 

L = 40/46 = 86.96%    13.04% omission error 

G = 39/45 = 86.67%    13.33% omission error 

User’s Accuracy 

U = 45/50 = 90.00%    10.00% commission error 

R = 37/50 = 74.00%    26.00% commission error 

W = 50/50 = 100.00%    0.00% commission error 

F = 45/50 = 90.00%    10.00% commission error 

L = 40/50 = 80.00%    20.00% commission error 

G = 39/50 = 78.00%    22.00% commission error 

 

Table 3.15 Error matrix of classification in study area, 2010 

Reference Data 

Classification U R W F L G Row Total 

U 44 0 0 0 6 0 50 

G 2 33 0 9 5 1 50 

W 0 0 50 0 0 0 50 

F 0 2 1 46 1 0 50 

L 1 2 0 0 47 0 50 

G 0 7 1 7 1 34 50 

Column Total 47 44 52 62 60 35 300 

Overall Accuracy = 256/300 = 85.33% 

Producer’s Accuracy 

U = 44/47 = 93.62%    6.38% omission error 

R = 33/44 = 75.00%    25.00% omission error 

W = 50/52 = 96.15%    3.85% omission error 

F = 46/62 = 74.19%    25.81% omission error 

L = 47/60 = 78.33%    21.67% omission error 

G = 34/35 = 97.14%    2.86% omission error 

User’s Accuracy 

U = 44/50 = 88.00%    12.00% commission error 

R = 33/50 = 66.00%    34.00% commission error 

W = 50/50 = 100.00%    0.00% commission error 

F = 46/50 = 92.00%    8.00% commission error 

L = 47/50 = 94.00%    6.00% commission error 

G = 34/50 = 68.00%    32.00% commission error 
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Table 3.16 Error matrix of classification in study area, 2013 

Reference Data 

Classification U R W F L G Row Total 

U 37 1 6 3 3 0 50 

G 3 36 1 6 3 1 50 

W 0 0 50 0 0 0 50 

F 0 3 0 45 0 2 50 

L 1 9 0 4 33 3 50 

G 0 3 0 9 3 35 50 

Column Total 41 52 57 67 42 41 300 

Overall Accuracy = 236/300 = 78.67% 

Producer’s Accuracy (omission error) 

U = 37/41 = 90.24%    9.76% omission error 

R = 36/52 = 69.23%    30.77% omission error 

W = 50/57 = 87.72%    12.28% omission error 

F = 45/67 = 67.14%    32.86% omission error 

L = 33/42 = 78.57%    21.43% omission error 

G = 35/41 = 85.37%    14.63% omission error 

User’s Accuracy (commission error) 

U = 37/50 = 74.00%    26.00% commission error 

R = 36/50 = 72.00%    28.00% commission error 

W = 50/50 = 100.00%    0.00% commission error 

F = 45/50 = 90.00%    10.00% commission error 

L = 33/50 = 66.00%    34.00% commission error 

G = 35/50 = 70.00%    30.00% commission error 

 

The error matrix uses letter abbreviation for LULC classes: High Intensity 

Urban/Developed Land (U), Low Intensity Urban/Residential (R), Water (W), Forest (F), Light 

Vegetation (L), and Growing Vegetation (G). 

The Kappa statistics is calculated from Kappa analysis, which is a discrete multivariate 

technique of use in accuracy assessment (Congalton and Mead, 1983). Kappa analysis produce 

statistics K^, which is an estimate of Kappa. K^ is calculated by following equation.  

K^ = 
 ∑    

 
     ∑ (         )

 
   

     ∑ (         )
 
   

 

Based on Table 3.1,  

N = 300 

∑    
 
    = (43 + 42 + 50 + 48 + 36 + 40) = 259 
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∑ (       )
 
    = (50 × 44) + (50 × 50) + (50 × 51) + (50 × 60) + (50 × 54) + (50 × 44) 

+ (50 × 41) = 15000 

K^ = 
   (   )      

          
 = 0.836 

The overall accuracy of the 1988 image is 86.33%. The Kappa Statistic is 0.8360. The 

overall accuracy of the 1995 image is 84.67%. The Kappa Statistic is 0.8160. The overall 

accuracy of the 2000 image is 82.76%. The Kappa Statistic is 0.7920. The Kappa Statistic is 

0.8160. The overall accuracy of the 2006 image is 85.33%. The Kappa Statistic is 0.8240. The 

Kappa Statistic is 0.8160. The overall accuracy of the 2010 image is 84.67%. The Kappa 

Statistic is 0.8160. The Kappa Statistic is 0.8160. The overall accuracy of the 2013 image is 

78.67%. The Kappa Statistic is 0.7440. See Table 3.17 for summary of accuracy assessment.  

Table 3.17 Kappa statistics and overall accuracy of supervised classification for each year 

Year Kappa Statistics Overall Accuracy 

1988 0.8360 86.33% 

1995 0.8160 84.67% 

2000 0.7920 82.67% 

2006 0.8240 85.33% 

2010 0.8160 84.687% 

2013 0.7440 78.67% 
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3.4.4. Change Detection 

It is believed that LULC change is a major component of global change. So many 

significant efforts have gone into the development of change detection methods using remotely 

sensed data (Jensen et al., 1997). The post-classification comparison change detection method is 

used for this study. It is a heavily used quantitative change detection method (Jensen, 2007). 

First, I determine change detection time period from 1988 to 2003. Change detection was 

performed for image pair: 1988-1995, 1995-2000, 2000-2006, 2006-2010, 2010-2013, 1995-

2006, 2006-2013, and 1988-2013. All the change detection was based on the six classes of 

supervised classification. The each class of thematic map was recoded to the same value in the 

same order: 1-High Intensity Urban/Developed Land (U), 2-Low Intensity Urban/Residential 

(R), 3-Water (W), 4-Forest (F), 5-Light Vegetation (L), and 6-Growing Vegetation (G). The next 

step is to use the modeler maker to build model, which generate from-to change detection. For 

example, for change detection from 1988 to 2013, the thematic map of 1988 was multiplied by 

10, and then added to 2013. As the result, each from-to change type was assigned to a new value. 

See Table 3.18. The change I focus on is place changing to High Intensity Urban/Developed 

Land and Low Intensity Urban/Residential. As to from-to figure, 11, 22, 33, 44, 55, 66 represents 

unchanged area. 31, 32 represent change from Water to High Intensity Urban/Developed Land 

and Low Intensity Urban/Residential. 41, 42 represent change from Forest to High Intensity 

Urban/Developed Land and Low Intensity Urban/Residential. 51, 52 represent change from 

Light Vegetation to High Intensity Urban/Developed Land and Low Intensity Urban/Residential. 

61, 62 represent change from Growing Vegetation to High Intensity Urban/Developed Land and 

Low Intensity Urban/Residential. The advantages of post-classification comparison change 
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detection include the detailed “from-to” information that can be extracted (Arzandeh and Wang, 

2003). 

Table 3.18 Codes of from-to change detection 

To 

From 
U: 1 R: 2 W: 3 F: 4 L: 5 G: 6 

U: 1*10=10 11 12 13 14 15 16 

R: 2*10=20 21 22 23 24 25 26 

W: 3*10=30 31 32 33 34 35 36 

F: 4*10=40 41 42 43 44 45 46 

L: 5*10=50 51 52 53 54 55 56 

G: 6*10=60 61 62 63 64 65 66 

 

3.4.5. Remote Sensing Indices 

The remotes sensing indices belongs to image enhancement. Image enhancement 

algorithms are applied to remotely sensed data to improve the appearance of an image for human 

visual analysis or occasionally for subsequent machine analysis. All the remote sensing indices 

are point operations, which modify the brightness values of each pixel in an image dataset 

independent of the characteristics of neighboring pixels (Jensen, 2007). 

Landsat product pixel value is converted to units of absolute radiance using 32 bit 

floating point calculation. Pixel value are then scaled to bytes prior to media output (Talor, 

2011). Before calculating the remote sensing indices, all Digital Number (DN) value of each 

band are supposed to be converted to radiance, and then be converted to reflectance value. There 

is a simple linear relation between the DN value and radiance, so I can build an equation 

indicating the relationship. Let me take Landsat 5 TM band 4 as example (Chander and 
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Markham, 2003). The DN value is same for all the bands, from 1 to 255. The maximum and 

minimum spectral radiance value of band 4 is 221 and -1.51. All these information can be found 

through the metadata of the image. So the relationship is shown as the Figure 3.12. 

 

Figure 3.12 Digital Number, radiance linear relation 

So the conversion equation is expressed as: 

Lλ = ((LMAXλ - LMINλ)/ (QCALMAX-QCALMIN)) * (QCAL-QCALMIN) + LMINλ (Talor, 

2011) 

Where: 

Lλ = Spectral Radiance at the sensor's aperture in watts/(meter squared * ster * μm) 

QCAL = the quantized calibrated pixel value in DN    

LMINλ = the spectral radiance that is scaled to QCALMIN in watts/(meter squared * ster * μm)    

LMAXλ = the spectral radiance that is scaled to QCALMAX in watts/(meter squared * ster * 

μm)    

y = 0.876x - 2.386 
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QCALMIN = the minimum quantized calibrated pixel value (corresponding to LMINλ) in DN  

= 1 for LPGS products 

QCALMAX = the maximum quantized calibrated pixel value (corresponding to LMAXλ) in DN  

= 255  

The conversion equation of radiance to reflectance is given by Landsat 7 Handbook (Talor, 

2011). 

    
      

 

           
 

  : Unitless planetary reflectance 

  : Spectral radiance at the sensor's aperture 

 : Earth-Sun distance in astronomical units, here is 0.99392. 

     : Mean solar exoatmospheric irradiances, 1554 for band 3, 1036 for band 4. 

  : Solar zenith angle in degrees, equal to sun elevation in TM metadata, 44.9054458. 

However, I have done a research before showing that the remote sensing indices 

calculated from DN value and reflectance is very similar (Jing, 2012). As the result, for the 

convenience of data process, I used DN value to calculate the remote sensing indices. 

For this study, I used four indices to facilitate my analysis, the Normalized Difference 

Vegetation Index (NDVI), the Normalized Difference Built-up Index (NDBI), the Modified 

Normalized Difference Water Index (MNDWI), and Land Surface Temperature (LST). The 

NDVI is an index widely used to describe the greenness of an area (Chen and Brutsaert, 1988), 



 

56 

 

and also is used to represent the extent of forest and agriculture land. The NDBI is an indicator 

of urban areas, which can reveal the built-up and barren land (Zha et al., 2003; Chen et al., 

2006). The MNDWI is used to represent water areas because water areas usually reveal 

significant differences in thermal characteristics when modeling the urban thermal environment, 

and compared with Normalize Difference Water Index (NDWI), MDNWI remove the built-up 

land noise on water in the urban areas (Xu, 2008). LST is an index used to represent the land 

surface temperature, which is an alternative to measuring urban thermal environment because it 

is able to modulate the air temperature of the layer immediately above the earth surface and is a 

major parameter associated with surface radiation and energy exchange (Voogt and Oke, 1998; 

Weng, 2009). These four indices are calculated as follows: 

      
         
         

 

      
         
         

 

       
           
           

 

     
  

  (       )
 

Where      is the reflectance in the near infrared band;      is the reflectance in the red 

band;        is the reflectance in the green band;      is the reflectance in the middle infrared 

band;     and    are the calibration constants for the thermal band, with 

           
           and              for Landsat 5 TM and 
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           and              for Landsat 8 OLI/TIRS;    is the spectral 

radiance in             . 

3.5. Zonal Analysis and Correlation Analysis 

3.5.1. Introduction 

The zonal analysis allows us to perform analysis where the output is a result of 

computation performed on all cells that belong to each zone. A zone can be defined as being one 

single are of a particular value, but it can also be composed of multiple disconnected elements, or 

regions, all having the same value. There is many type of zonal analysis. The methods used for 

this study is the Zonal statistics and the Tabulate Area. The zonal statistics is used to calculate 

the statistics from each zone define by a zone dataset, based on values form another dataset, and 

generate a statistical table. In this study, the zone files are the county boundaries and census 

tracts of each year. The inputs of raster dataset are all remote sensing indices: NDVI, NDBI, 

MNDWI, and LST. The Tabulate Area method is used to calculate the area of input dataset based 

on the zone file. In this study, the tabulate area is used to calculate the area of each land classes 

within census tract or counties for each year (ESRI, 2013). 

Because all the statistical data is not normally distributed, the correlation method use for 

this study is the Pearson’s product-moment correlation. The Pearson’s correlation generates a 

coefficient called the Pearson correlation coefficient. It measures the strength and direction of a 

linear relationship between two continuous variables. Its value can range from -1 for a perfect 

negative linear relationship to +1 for a perfect positive linear relationship. A value of zero 

indicates no relationship between two variables (Laerd, 2013). In this study, the Pearson 

correlation analysis is run among the following variables: the land class proportion (percentage 
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of area of land class to area of each zone), remote sensing indices (NDVI, NDBI, MNDWI, and 

LST), population, population density, and per capita income. 

3.5.2. Data Preparation 

The Census Tracts shapefiles and County Boundary shape file are from the U.S. Census 

Bureau and the National Historical Geographic Information Systems. The U.S. Census Bureau 

provides the shapefiles for 2000, 2010 and 2013. The NHGIS provides historical shapefiles for 

1990 and 1980. All of the shapefiles are in scale 1:1,000,000. Here, I assume the census tract and 

county boundary do not change within each decade. So I use census tract and county boundary of 

1980 to represent 1988, 1990 to represent 1995, 2000 to represent 2000 and 2006.  

The population and income per capita data are also from the U.S. Census Bureau and the 

NHGIS. The U.S. Census Bureau provides the population data for 2000 and 2010, per capita 

income data for 1999 and 2009. The NHGIS provides the population data for 1990 and 1980, 

income per capita data for 1978 and 1989. The population and per capita income for study years 

of two counties were interpolated assuming that population and income per capita increased at 

the same rate during a decade in a specific county (Lo and Yang, 2000). For example, to estimate 

the population of a county in 2006, the following equations were used: 

            (   )   

Where       and       are the known total population for 2000 and 2010, separately, 

in Jefferson and Shelby County, and the   is the annual rate of population increase, which can be 

calculated using the following equation: 

   
  (     )   (     )
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Where    is natural logarithm and   is the mathematical constant, 2.7181828459. If we 

know  , the total population in 2006 for the county can be estimated as 

            (   )  

The per capita income for each county was calculated using the following equation: 

    
∑ (         )
 
   

   
 

Where     is per capita income;   is the total number of census tracts in two counties; 

     and      are the per capita income and population in number   census tract;     is the total 

population of all the census tracts. 

To estimate the population and per capita income for census tracts, the same equation 

above were used to interpolation using the same increase rate. For increase rate for each decade, 

see Table 3.19 and Table 3.20. 

Once I interpolated population of each study year, I can also calculate the population 

density within census tract and counties, using the equation as follows. 

    
    
     

 

Where     represents the population density of certain census tract or county in     , 

     represents the population of that census tract or county,       is the area of that census 

tract or county in    . 
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Table 3.19 Population increase rate within each decade 

Period Increase rate 

1980-1990 0.001783 

1990-2000 0.007026 

2000-2010 0.005831 

2010-2012 0.004325 

 

Table 3.20 Per Capita Income increase rate within each decade 

Period Increase rate 

1979-1989 0.069673 

1989-1999 0.061937 

1999-2009 0.048827 

 

The data preparation also includes the elevation and slope, calculated from USGS 1 arc-

second Digital Elevation Model (DEM). Two scene of DEM for Jefferson and Shelby County 

was downloaded. The two DEM was mosaicked to one DEM using the same method for Landsat 

images. Then the DEM was resampled from 1 arc-second to 30 meter resolution, using the UTM 

Zone 16 N projection. Finally, the slope (in percent) was calculated using ArcGIS Desktop 10.1 

Surface Tool in Spatial Analyst. 

3.5.3. Zonal Analysis 

It is very convenient to generate the statistical table of remote sensing indices within 

census tract and county boundaries. The Model Builder of ArcGIS Desktop 10.1 was used to 

facilitate. First, I create new folder, putting in to the remote sensing indices of same year. And 

then, in the model builder, I use the raster list, or raster iterator, which can loop the same process 

for all the rasters in one dataset. In the next, the Zonal Statistics as Table tool is used to mean 

value of indices within the zone, setting the raster list as input, census tract and county 

boundaries as zonal file. Additionally, I also make the file names of rasters as inline variable, the 
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contents of which can be used as substitute for another variable by enclosing the substituting 

variable in percent sign. So here, I use the same name of raster input as the output table. All the 

output is saved as dBase format. For the model builder, see Figure 3.13, Figure 3.14.  
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Figure 3.13 Model builder of tabulate area function 
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Figure 3.14 Model builder of zonal statistics function 
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3.5.4. Correlation Analysis 

Before doing the correlation analysis, all the statistics of same year, including mean 

NDVI, NDBI, MNDWI, LST, elevation, slope, population, population density, and per capita 

income for each census tract or county were combined into one table. The IMB SPSS Statistics 

21 was used. First, the invalid data item filtered out, using the Select Cases function. Then, I set 

remote sensing indices, elevation, slope, population, population density and per capita income as 

variables to run a Pearson’s moment product correlation, using tow-tailed as test of significance 

option. The output gives a cross table of all the correlation coefficient and significant value p for 

each pair of variables, with one asterisk showing correlation significant at the 0.05 level, two 

asterisk showing correlation significant at the 0.01 level. 

3.5.5. Buffer Ring Analysis 

The Birmingham metropolitan area is connected by several Interstate Highway and U.S. 

Highway. The growth density variation from the highway to a certain distance could reveal the 

spatial pattern of urban growth (Schneider and Woodcock, 2008). The buffering analysis can 

provide information of density variation at a large scale (Xu et al., 2007). Here, I use the growth 

density (GD) developed by Shi et al. to measure growth density of each land cover and land use 

type at different buffer zones. 

In my study, the classification images were overlaid with five 2-km side buffer zones, 

similar to the buffering procedure used by Schneider and Woodcock (2008); Xu et al. (2007), a 

series of buffer rings, extending outward from the Interstate Highway and U.S. Highway (Figure 

3.15). Thus, I could calculate the proportion of each land cover and land use type within each 

buffer ring. 
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Figure 3.15 Buffer rings along the Interstate Highway of study area 

 

3.6. Modeling the Future Land Use and Land Cover 

3.6.1. Introduction to Cellular Automaton Modeling 

The SLEUTH (Slope, Land use, Exclusion, Urban extent, Transportation and Hillshade) 

urban growth and land use change model used for this study is a cellular automaton (CA) model, 

where the study area is represented as a regular grid of cells (pixels). It is a part of Project 

Gigalopolis of USGS in collaboration with the Department of Geography, UC Santa Barbara. It 



 

66 

 

is the revolutionary product of Clarke Urban Growth Model that uses cellular automata, terrain 

mapping and land cover deltatron modeling to address urban growth. The SLEUTH has been 

applied to dozens of locations across the U.S. and the world, such as San Francisco, Chicago, 

Washington-Baltimore, Sioux Falls and so on so forth (Jantz et al., 2009; Dietzel and Clarke,  

2007).  

The model is a C Program running under UNIX. There are generally two steps of 

implementation of model: calibration and forecasting. The calibration is used to simulate the 

historic growth pattern. The forecasting is used to predict the future growth pattern based on 

historic patterns of growth (Project Gigalopolis). The SLEUTH simulates four types of growth: 

1. Spontaneous new growth simulates dispersed development patterns, 

2. New spreading centers simulates the development of new urban areas, 

3. Edge growth stems from existing urban centers, 

4. Road influenced growth simulates the influence of the transportation network on development 

patterns. 

These growth types are defined by five growth coefficients: slope, diffusion, breed, 

spread, and road gravity. Each growth coefficient ranges from 1 to 100, which indicate relative 

influence of each parameter on developing patterns, with higher values producing a stronger 

influence. The results of calibration will give the best fit coefficient value for the forecasting. 

The following Table 3.21 shows the summary of growth rules (Jantz et al., 2009). 
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Table 3.21 Summary of grow rules of SLEUTH model 

Growth rule Growth coefficient 
Growth coefficient 

value range 
Description of simulated growth patterns 

Spontaneous new 

growth 
Diffusion 0-100 

Randomly selected potential new growth cells. High 

values for diffusion will result in dispersed urban 

patterns. 

New spreading 

center growth 
Breed 0-100 Creates new clusters of urbanized cells. 

Edge growth Spread 0-100 
Growth that occurs along the edges of existing or newly 

created urban clusters. 

Road-influenced 

growth 

Road-gravity, 

diffusion and breed 
0-100 Growth that occurs along the transportation network. 

Slope resistance Slope 0-100 
Simulates the effect of slope on reducing the likelihood 

of urbanization. 

 

3.6.2. Input Data Sets for Calibration 

The model input includes: slope, land use, excluded area, urban extent, transportation and 

Hillshade. All layers are in GIF format and in grayscale, ranging from 0-255, where 0 represent a 

nonexistent of null value. The model required all input layers to have a consistent number of 

rows and columns. For statistical calibration of the model, at least four urban extent of different 

year must be used. Also, two or more roads layer of different years is required. Additionally, all 

data are resampled different set of resolution for multiple level of calibration, including: 30, 60 

120, 240, 480 in meters. 

For the slope layer, it is derive from the DEM. The cell value is in percent slope, not 

degree. The pixel value ranges from 0- 100. 

For the land use layers, the land class High Intensity Urban/Developed Land, Low 

Intensity Urban/Residential is aggregated into one class Developed land first. Then different 

value is assigned to each land cover (Table 3.22).  The pixel value ranges from 0-255. 
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Table 3.22 Gray scale value for each land classes in SLEUTH model 

Land classes Grayscale value 

Unclassified 0 

Developed Land 1 

Light Vegetation 2 

Growing Vegetation 3 

Forest 4 

Water 5 

 

The excluded image defines all location that are resistant to urbanization. In this study, I 

define all the stream and water body as exclude area. The water body and stream shapefile from 

TIGER is converted to 30 meter resolution raster first, and then is reclassified into binary map. 

The locations that are available for urban development have the value zero, and areas where 

urban development is considered impossible are given a value of 100. The pixel value of this 

layer ranges from 0-255 (value > 100, are read as 100). 

The urban extent layer is based on the aggregated land use map. It is reclassified as 

binary map, where Developed land is assigned 100; the other classes are assigned 0. The urban 

extent of 1988 is used to initialize the model. The subsequent years are used to measure several 

statistical best fit values. The pixel value ranges from 0-255 

The transportation network is created from the road shapefile of each year. The shapefile 

is converted to raster layer as well, and then is reclassified into binary map, where 0 represents 

non-road. The pixel value ranges from 0-255. 

The hillshade layer is generated from DEM. It is used as background image to 

incorporate into image output. To generate hillshade, the Hillshade tool inside the Surface 

Toolset of Spatial Analyst in ArcGIS Desktop 10.1 is used. The pixel value ranges from 0-255. 

3.6.3. Model Calibration 
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The purpose of SLEUTH calibration is to find the best fit coefficient value for growth 

parameters (diffusion, breed, spread, road-gravity, and slope) that can reproduce historic land-

cover change accurately within the study area. Calibration is undertaken using the “brute force” 

Monte Carlo methodology. That is, a large number of combinations of parameter values are 

tested automatically and the user evaluate the results to determine the best fit coefficient value 

based on the statistics that measure how well the model is reproducing historic patterns of 

growth. The statistics are the averaged over the total number of Monte Carlo trails. The statistical 

measure used here is the Lee-Salle measure, which are the ratio of the intersection and the union 

of the simulated and actual urban area. The calibration stage includes three different levels: 

coarse calibration, fine calibration and final calibration, which are realized by “calibrate” 

function in SLEUTH model. 

In coarse calibration, the initial growth coefficient range is 0-100, with step 25. The 

Monte Carlo Iteration is set to 4. All input layer is ¼ of resolution (120 meters) of original 

images. This step takes about 15 minutes. Then we examine the comtrol_stats.log file to 

determine the coefficient range based on the Lee-Salle measure. The step value is selected that 

increment between the coefficient range will be 4-6 time. In the fine calibration stage, I use the 

coefficient value and step value from previous step, and ½ of resolution (60 meters) of original 

image. And also, I set the Mote Carlo Iteration as 8. This step takes about 3 hours. Then I 

determine the coefficient range and step base on Lee-Salle Measure again. In final calibration, I 

use the coefficient range and step from fine calibration, setting Monte Carlo Iteration as 10. The 

input images are full resolution (30 meters). This step takes at least 6 hours. Then I choose the 

coefficient range and step for deriving the forecasting coefficients. In deriving forecasting 

coefficients, the input images are in full resolution (30 meters); Monte Carlo Iteration is 10 or 
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greater. This step takes about 20 minutes. Finally, by examining the output log file, I can 

determine the forecasting coefficients. After I get the best fit coefficients of five growth rule, I 

predict the land cover growth from 2014 to 2045, with Monte Carlo Iteration 100, using the 

“predict” function in SLEUTH model. For flow chart of calibration and prediction, see Figure 

3.16. 

 

Figure 3.16 Flow chart of implement of SLEUTH model 

The prediction results generated the urban growth and land cover map for future years: 

2014-2045. It also generates the animation GIF of sequence of urban growth and land cover map. 

Since all predicted map do not have projection, in order to compare the predicted map with 

historical map, all predicted GIF images are set projection as UTM Zone 16 N, WGS-84 Datum. 

Start 

•Historical data and layers 
•Working Eenvironment set-up 

Coarse 

•Default five coefficient (0-100) 
•Determine the coefficients for Fine Calibration 

Fine 

•Start with smaller range of  coefficients 
•Determine the coefficents for Final Calibration 

Final 

•Start with even better range of coefficients 
•determine the  coefficients for Derive step 

Derive 
•Determine the coefficient for prediction 

Predieti
on 

•Predict the future LULC pattern based on best-fit coefficients 
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4. RESULTS AND DISCUSSION 

4.1. Analysis of Supervised Classification 

The Figure 4.1 to Figure 4.3 shows Developed land use and vegetation land cover in 

Jefferson County, Shelby County and whole study area. The Table 4.1, 4.2, 4.3 show the general 

statistics of land use land cover of each year within two counties, Jefferson County, Shelby 

County, and whole study area.  

4.1.1. Jefferson County 

For Jefferson County in 1988, the total area of High Intensity Urban/Developed Land is 

128.505     or 4.419% of the total area of the county. The total area of Low Intensity 

Urban/Residential is 673.247     or 23.149% of the total area of the county. The total area of 

Water is 23.432     or 0.806% of the total area of the county. The total area of Forest is 

1695.876     or 58.312% of the total area of the county. The total area of Light Vegetation is 

109.699     or 3.772% of the total area of the county. The total area of Growing Vegetation is 

277.448     or 9.540% of the total area of the county. The total area of Developed Land (High 

Intensity Urban/Developed Land + Low Intensity Urban/Residential) is 801.752     or 

27.568% of the total area of the county. The total area of Vegetation (Forest + Light Vegetation 

+ Growing Vegetation) is 2083.024     or 71.623% of the total area of the county. 

For Jefferson County in 1995, the total area of High Intensity Urban/Developed Land is 

130.846     or 4.499% of the total area of the county. The total area of Low Intensity 

Urban/Residential is 687.590     or 23.642% of the total area of the county. The total area of 
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Water is 31.757     or 1.092% of the total area of the county. The total area of Forest is 

1694.557     or 58.265% of the total area of the county. The total area of Light Vegetation is 

247.949     or 8.525% of the total area of the county. The total area of Growing Vegetation is 

105.713     or 3.635% of the total area of the county. The total area of Developed Land (High 

Intensity Urban/Developed Land + Low Intensity Urban/Residential) is 818.436     or 

28.141% of the total area of the county. The total area of Vegetation (Forest + Light Vegetation 

+ Growing Vegetation) is 2048.419     or 70.426% of the total area of the county. 

For Jefferson County in 2000, the total area of High Intensity Urban/Developed Land is 

126.133     or 4.336% of the total area of the county. The total area of Low Intensity 

Urban/Residential is 808.820     or 27.811% of the total area of the county. The total area of 

Water is 39.341     or 1.353% of the total area of the county. The total area of Forest is 

1559.135     or 53.610% of the total area of the county. The total area of Light Vegetation is 

281.812     or 9.690% of the total area of the county. The total area of Growing Vegetation is 

92.988     or 3.197% of the total area of the county. The total area of Developed Land (High 

Intensity Urban/Developed Land + Low Intensity Urban/Residential) is 934.933     or 

32.147% of the total area of the county. The total area of Vegetation (Forest + Light Vegetation 

+ Growing Vegetation) is 1933.934     or 66.497% of the total area of the county. 

For Jefferson County in 2006, the total area of High Intensity Urban/Developed Land is 

142.017     or 4.883% of the total area of the county. The total area of Low Intensity 

Urban/Residential is 8694.832     or 23.891% of the total area of the county. The total area of 

Water is 26.970     or 0.927% of the total area of the county. The total area of Forest is 

1697.373     or 58.363% of the total area of the county. The total area of Light Vegetation is 
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183.206     or 6.299% of the total area of the county. The total area of Growing Vegetation is 

163.809     or 5.632% of the total area of the county. The total area of Developed Land (High 

Intensity Urban/Developed Land + Low Intensity Urban/Residential) is 836.850     or 

28.775% of the total area of the county. The total area of Vegetation (Forest + Light Vegetation 

+ Growing Vegetation) is 2044.388     or 70.295% of the total area of the county. 

For Jefferson County in 2006, the total area of High Intensity Urban/Developed Land is 

142.017     or 4.883% of the total area of the county. The total area of Low Intensity 

Urban/Residential is 8694.832     or 23.891% of the total area of the county. The total area of 

Water is 26.970     or 0.927% of the total area of the county. The total area of Forest is 

1697.373     or 58.363% of the total area of the county. The total area of Light Vegetation is 

183.206     or 6.299% of the total area of the county. The total area of Growing Vegetation is 

163.809     or 5.632% of the total area of the county. The total area of Developed Land (High 

Intensity Urban/Developed Land + Low Intensity Urban/Residential) is 836.850     or 

28.775% of the total area of the county. The total area of Vegetation (Forest + Light Vegetation 

+ Growing Vegetation) is 2044.388     or 70.295% of the total area of the county. 

For Jefferson County in 2010, the total area of High Intensity Urban/Developed Land is 

124.970     or 4.295% of the total area of the county. The total area of Low Intensity 

Urban/Residential is 752.531     or 25.875% of the total area of the county. The total area of 

Water is 29.477     or 1.014% of the total area of the county. The total area of Forest is 

1759.389     or 60.495% of the total area of the county. The total area of Light Vegetation is 

155.528     or 5.348% of the total area of the county. The total area of Growing Vegetation is 

86.375     or 2.970% of the total area of the county. The total area of Developed Land (High 
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Intensity Urban/Developed Land + Low Intensity Urban/Residential) is 877.439     or 

30.170% of the total area of the county. The total area of Vegetation (Forest + Light Vegetation 

+ Growing Vegetation) is 2001.292     or 68.813% of the total area of the county. 

For Jefferson County in 2013, the total area of High Intensity Urban/Developed Land is 

137.381     or 4.724% of the total area of the county. The total area of Low Intensity 

Urban/Residential is 786.289     or 27.036% of the total area of the county. The total area of 

Water is 32.040     or 1.102% of the total area of the county. The total area of Forest is 

1687.793     or 58.034% of the total area of the county. The total area of Light Vegetation is 

83.444     or 2.869% of the total area of the county. The total area of Growing Vegetation is 

181.262     or 6.233% of the total area of the county. The total area of Developed Land (High 

Intensity Urban/Developed Land + Low Intensity Urban/Residential) is 923.669     or 

31.760% of the total area of the county. The total area of Vegetation (Forest + Light Vegetation 

+ Growing Vegetation) is 1952.499     or 67.135% of the total area of the county. 

4.1.2. Shelby County 

For the Shelby County in 1988, the total area of High Intensity Urban/Developed Land is 

41.024     or 1.958% of the total area of the county. The total area of Low Intensity 

Urban/Residential is 208.590     or 9.956% of the total area of the county. The total area of 

Water is 32.426     or 1.548% of the total area of the county. The total area of Forest is 

1438.453     or 68.657% of the total area of the county. The total area of Light Vegetation is 

147.746     or 7.053% of the total area of the county. The total area of Growing Vegetation is 

226.301     or 10.801% of the total area of the county. The total area of Developed Land (High 

Intensity Urban/Developed Land + Low Intensity Urban/Residential) is 249.614     or 
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11.914% of the total area of the county. The total area of Vegetation (Forest + Light Vegetation 

+ Growing Vegetation) is 1812.518     or 86.511% of the total area of the county. 

For the Shelby County in 1995, the total area of High Intensity Urban/Developed Land is 

50.336     or 2.689% of the total area of the county. The total area of Low Intensity 

Urban/Residential is 245.611     or 11.725% of the total area of the county. The total area of 

Water is 33.392     or 1.594% of the total area of the county. The total area of Forest is 

1393.920     or 66.541% of the total area of the county. The total area of Light Vegetation is 

260.925     or 12.456% of the total area of the county. The total area of Growing Vegetation is 

97.785     or 4.668% of the total area of the county. The total area of Developed Land (High 

Intensity Urban/Developed Land + Low Intensity Urban/Residential) is 301.946     or 

14.414% of the total area of the county. The total area of Vegetation (Forest + Light Vegetation 

+ Growing Vegetation) is 1752.630     or 83.665% of the total area of the county. 

For the Shelby County in 2000, the total area of High Intensity Urban/Developed Land is 

52.579     or 2.510% of the total area of the county. The total area of Low Intensity 

Urban/Residential is 325.934     or 15.557% of the total area of the county. The total area of 

Water is 40.992     or 1.957% of the total area of the county. The total area of Forest is 

1281.529     or 61.167% of the total area of the county. The total area of Light Vegetation is 

343.978     or 16.418% of the total area of the county. The total area of Growing Vegetation is 

49.546     or 2.365% of the total area of the county. The total area of Developed Land (High 

Intensity Urban/Developed Land + Low Intensity Urban/Residential) is 378.513     or 

18.066% of the total area of the county. The total area of Vegetation (Forest + Light Vegetation 

+ Growing Vegetation) is 1675.053     or 79.950% of the total area of the county. 
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For the Shelby County in 2006, the total area of High Intensity Urban/Developed Land is 

70.668     or 3.373% of the total area of the county. The total area of Low Intensity 

Urban/Residential is 295.348     or 14.097% of the total area of the county. The total area of 

Water is 37.368     or 1.784% of the total area of the county. The total area of Forest is 

1341.232     or 64.016% of the total area of the county. The total area of Light Vegetation is 

207.703     or 9.914% of the total area of the county. The total area of Growing Vegetation is 

142.240     or 6.789% of the total area of the county. The total area of Developed Land (High 

Intensity Urban/Developed Land + Low Intensity Urban/Residential) is 366.016     or 

17.470% of the total area of the county. The total area of Vegetation (Forest + Light Vegetation 

+ Growing Vegetation) is 1691.175     or 80.719% of the total area of the county. 

For the Shelby County in 2010, the total area of High Intensity Urban/Developed Land is 

54.636     or 2.608% of the total area of the county. The total area of Low Intensity 

Urban/Residential is 378.574     or 18.069% of the total area of the county. The total area of 

Water is 38.892     or 1.856% of the total area of the county. The total area of Forest is 

1341.232     or 64.200% of the total area of the county. The total area of Light Vegetation is 

208.650     or 9.957% of the total area of the county. The total area of Growing Vegetation is 

68.774     or 3.283% of the total area of the county. The total area of Developed Land (High 

Intensity Urban/Developed Land + Low Intensity Urban/Residential) is 433.211     or 

20.677% of the total area of the county. The total area of Vegetation (Forest + Light Vegetation 

+ Growing Vegetation) is 1622.456     or 77.439% of the total area of the county. 

For the Shelby County in 2013, the total area of High Intensity Urban/Developed Land is 

57.691     or 2.754% of the total area of the county. The total area of Low Intensity 
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Urban/Residential is 382.486     or 18.256% of the total area of the county. The total area of 

Water is 42.612     or 2.034% of the total area of the county. The total area of Forest is 

1316.75     or 62.835% of the total area of the county. The total area of Light Vegetation is 

147.074     or 7.020% of the total area of the county. The total area of Growing Vegetation is 

148.221     or 7.075% of the total area of the county. The total area of Developed Land (High 

Intensity Urban/Developed Land + Low Intensity Urban/Residential) is 440.177     or 

21.009% of the total area of the county. The total area of Vegetation (Forest + Light Vegetation 

+ Growing Vegetation) is 1611.770     or 76.929% of the total area of the county. 

4.1.3. Summary 

For the whole study area in 1988, the total area of High Intensity Urban/Developed Land 

is 169.529     or 3.338% of the total area of study area. The total area of Low Intensity 

Urban/Residential is 881.837     or 17.625% of the total area of study area. The total area of 

Water is 55.859    or 1.116% of the total area of study area. The total area of Forest is 

3134.329     or 62.644% of the total area of study area. The total area of Light Vegetation is 

257.463     or 5.146% of the total area of study area. The total area of Growing Vegetation is 

503.750     or 10.068% of study area. The total area of Developed Land (High Intensity 

Urban/Developed Land + Low Intensity Urban/Residential) is 1051.366     or 21.013% of the 

total area of study area. The total area of Vegetation (Forest + Light Vegetation + Growing 

Vegetation) is 3895.542     or 77.857% of the total area of study area. 

For the whole study area in 1995, the total area of High Intensity Urban/Developed Land 

is 187.181     or 3.741% of the total area of study area. The total area of Low Intensity 

Urban/Residential is 933.201     or 18.652% of the total area of study area. The total area of 
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Water is 65.148    or 1.302% of the total area of study area. The total area of Forest is 

3088.477     or 61.730% of the total area of study area. The total area of Light Vegetation is 

508.874     or 10.171% of the total area of study area. The total area of Growing Vegetation is 

203.498     or 4.067% of study area. The total area of Developed Land (High Intensity 

Urban/Developed Land + Low Intensity Urban/Residential) is 1120.382     or 22.393% of the 

total area of study area. The total area of Vegetation (Forest + Light Vegetation + Growing 

Vegetation) is 3800.849     or 75.969% of the total area of study area. 

For the whole study area in 2000, the total area of High Intensity Urban/Developed Land 

is 178.691     or 3.571% of the total area of study area. The total area of Low Intensity 

Urban/Residential is 1134.754     or 22.679% of the total area of study area. The total area of 

Water is 80.333    or 1.606% of the total area of study area. The total area of Forest is 

2840.664     or 56.774% of the total area of study area. The total area of Light Vegetation is 

625.790     or 12.507% of the total area of study area. The total area of Growing Vegetation is 

142.534     or 2.849% of study area. The total area of Developed Land (High Intensity 

Urban/Developed Land + Low Intensity Urban/Residential) is 1313.446     or 26.251% of the 

total area of study area. The total area of Vegetation (Forest + Light Vegetation + Growing 

Vegetation) is 3608.987     or 72.130% of the total area of study area. 

For the whole study area in 2006, the total area of High Intensity Urban/Developed Land 

is 212.685    or 4.251% of the total area of study area. The total area of Low Intensity 

Urban/Residential is 990.180     or 19.790% of the total area of study area. The total area of 

Water is 64.338    or 1.286% of the total area of study area. The total area of Forest is 

3038.605     or 60.730% of the total area of study area. The total area of Light Vegetation is 
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390.909     or 7.813% of the total area of study area. The total area of Growing Vegetation is 

306.049     or 6.117% of study area. The total area of Developed Land (High Intensity 

Urban/Developed Land + Low Intensity Urban/Residential) is 1202.865     or 24.041% of the 

total area of study area. The total area of Vegetation (Forest + Light Vegetation + Growing 

Vegetation) is 3735.563     or 74.660% of the total area of study area. 

For the whole study area in 2010, the total area of High Intensity Urban/Developed Land 

is 179.544     or 3.588% of the total area of study area. The total area of Low Intensity 

Urban/Residential is 1131.106     or 22.607% of the total area of study area. The total area of 

Water is 68.369    or 1.366% of the total area of study area. The total area of Forest is 

3104.466     or 62.047% of the total area of study area. The total area of Light Vegetation is 

364.133     or 7.278% of the total area of study area. The total area of Growing Vegetation is 

155.149     or 3.101% of study area. The total area of Developed Land (High Intensity 

Urban/Developed Land + Low Intensity Urban/Residential) is 1310.649     or 26.195% of the 

total area of study area. The total area of Vegetation (Forest + Light Vegetation + Growing 

Vegetation) is 3620.478     or 72.425% of the total area of study area. 

For the whole study area in 2013, the total area of High Intensity Urban/Developed Land 

is 195.071     or 3.899% of the total area of study area. The total area of Low Intensity 

Urban/Residential is 1168.774     or 23.359% of the total area of study area. The total area of 

Water is 74.652    or 1.492% of the total area of study area. The total area of Forest is 

3044.268     or 60.044% of the total area of study area. The total area of Light Vegetation is 

230.518     or 4.607% of the total area of study area. The total area of Growing Vegetation is 

329.483     or 6.585% of study area. The total area of Developed Land (High Intensity 
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Urban/Developed Land + Low Intensity Urban/Residential) is 1363.846     or 27.258% of the 

total area of study area. The total area of Vegetation (Forest + Light Vegetation + Growing 

Vegetation) is 3564.268     or 71.236% of the total area of study area.  
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Table 4.1 Land use land cover supervised classification details in Jefferson County 

  1988  1995  2000  2006  2010  2013  

No. LULC 
Area 

(   ) 
% 

Area 

(   ) 
% 

Area 

(   ) 
% 

Area 

(   ) 
% 

Area 

(   ) 
% 

Area 

(   ) 
% 

1 U 128.505 4.419 130.846 4.499 126.133 4.336 142.017 4.883 124.907 4.295 137.381 4.724 

2 R 673.247 23.149 687.590 23.642 808.820 27.811 694.832 23.891 752.531 25.875 786.289 27.036 

3 W 23.422 0.806 31.757 1.092 39.341 1.353 26.970 0.927 29.477 1.014 32.040 1.102 

4 F 1695.876 58.312 1694.557 58.265 1559.135 53.610 1697.373 58.363 1759.389 60.495 1687.793 58.034 

5 L 109.699 3.772 247.949 8.525 281.812 9.690 183.206 6.299 155.528 5.348 83.444 2.869 

6 G 277.448 9.540 105.713 3.635 92.988 3.197 163.809 5.632 86.375 2.970 181.262 6.233 

 

Table 4.2 Land use land cover supervised classification details in Shelby County 

  1988  1995  2000  2006  2010  2013  

No. LULC 
Area 

(   ) 
% 

Area 

(   ) 
% 

Area 

(   ) 
% 

Area 

(   ) 
% 

Area 

(   ) 
% 

Area 

(   ) 
% 

1 U 41.024 1.958 56.336 2.689 52.579 2.510 70.668 3.373 54.636 2.608 57.691 2.754 

2 R 208.590 9.956 542.611 11.725 325.934 15.557 295.348 14.097 378.574 18.069 382.486 18.526 

3 W 32.426 1.548 33.392 1.594 40.992 1.957 37.368 1.784 38.892 1.856 42.612 2.034 

4 F 1438.453 68.657 1393.920 66.541 1281.529 61.167 1341.232 64.016 1345.077 64.200 1316.475 62.835 

5 L 147.764 7.053 260.925 12.456 343.978 16.418 207.703 9.914 208.605 9.957 147.074 7.050 

6 G 226.301 10.801 97.785 4.668 49.546 2.365 142.240 6.789 68.774 3.283 148.221 7.075 
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Table 4.3 Land use land cover supervised classification details in study area 

  1988  1995  2000  2006  2010  2013  

No. LULC 
Area 

(   ) 
% 

Area 

(   ) 
% 

Area 

(   ) 
% 

Area 

(   ) 
% 

Area 

(   ) 
% 

Area 

(   ) 
% 

1 U 169.529 3.388 187.181 3.741 178.691 3.576 212.685 4.251 179.544 3.588 195.071 3.899 

2 R 881.837 17.625 933.201 18.652 1134.754 22.679 990.180 19.790 1131.106 22.607 1168.774 23.359 

3 W 55.859 1.116 65.148 1.302 80.333 1.606 64.338 1.286 68.369 1.366 74.652 1.492 

4 F 3134.329 62.644 3088.477 61.730 2840.664 56.774 3038.605 60.730 3104.466 62.047 3004.268 60.044 

5 L 257.463 5.146 508.874 10.171 625.790 12.507 390.909 7.813 364.133 7.278 230.518 4.607 

6 G 503.750 10.068 203.498 4.067 142.534 2.849 306.049 6.117 155.149 3.101 329.483 6.585 

 

 

Figure 4.1 Developed land use and vegetation land cover in Jefferson County 
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Figure 4.2 Developed land use and vegetation land cover in Shelby County 

 

 

 

Figure 4.3 Developed land use and vegetation land cover in study area 
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4.2. Analysis of Remote Sensing Indices 

The Table 4.4, 4.5, 4.6 show the general statistics of Remote Sensing Indices (NDVI, 

NDBI, MNDWI, and LST) of Jefferson and Shelby County. 

Table 4.4 Remote sensing indices for Jefferson County 

Indices 1988 1995 2000 2006 2010 2013 

MNDWI -0.364 -0.388 -0.399 -0.380 -0.400 -0.487 

NDBI -0.060 -0.037 -0.015 -0.037 0.008 -0.355 

NDVI 0.499 0.473 0.442 -0.453 0.431 0.746 

LST 17.570 18.654 23.350 20.462 27.938 28.121 

 

Table 4.5 Remote sensing indices for Shelby County 

Indices 1988 1995 2000 2006 2010 2013 

MNDWI -0.379 -0.400 -0.407 -0.381 -0.403 -0.528 

NDBI -0.071 -0.045 -0.020 -0.050 0.002 -0.367 

NDVI 0.528 0.497 0.452 0.472 0.442 0.780 

LST 17.116 19.050 22.726 20.016 27.505 27.847 

 

Table 4.6 Remote sensing indices for whole study area 

Indices 1988 1995 2000 2006 2010 2013 

MNDWI -0.370 -0.393 -0.403 -0.380 -0.401 -0.504 

NDBI -0.064 -0.040 -0.017 -0.043 0.006 -0.360 

NDVI 0.511 0.483 0.466 0.461 0.436 0.760 

LST 17.379 18.994 23.088 20.275 27.756 28.010 

 

4.2.1. Jefferson County 

For Jefferson County in 1988, the mean NDVI is 0.499, the mean NDBI is -0.060, the 

mean MNDWI is -0.364, the mean LST is 17.570 °C. In 1995, the mean NDVI is 0.473, the 

mean NDBI is -0.037, the mean MNDWI is -0.388, the mean LST is 18.954 °C. In 2000, the 

mean NDVI is 0.442, the mean NDBI is -0.015, the mean MNDWI is -0.399, the mean LST is 

23.350 °C. In 2006, the mean NDVI is 0.453, the mean NDBI is -0.037, the mean MNDWI is -

0.380, the mean LST is 20.462 °C. In 2010, the mean NDVI is 0.431, the mean NDBI is -0.008, 
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the mean MNDWI is -0.400, the mean LST is 27.938 °C. In 2013, the mean NDVI is 0.746, the 

mean NDBI is -0.335, the mean MNDWI is -0.487, the mean LST is 28.121 °C. 

4.2.2. Shelby County 

For Shelby County in 1988, the mean NDVI is 0.528, the mean NDBI is -0.071, the mean 

MNDWI is -0.379, the mean LST is 17.116 °C. In 1995, the mean NDVI is 0.497, the mean 

NDBI is -0.045, the mean MNDWI is -0.400, the mean LST is 19.050 °C. In 2000, the mean 

NDVI is 0.452, the mean NDBI is -0.020, the mean MNDWI is -0.407, the mean LST is 22.726 

°C. In 2006, the mean NDVI is 0.472, the mean NDBI is -0.050, the mean MNDWI is -0.381, 

the mean LST is 20.016 °C. In 2010, the mean NDVI is 0.442, the mean NDBI is -0.002, the 

mean MNDWI is -0.403, the mean LST is 27.505°C. In 2013, the mean NDVI is 0.780, the mean 

NDBI is -0.367, the mean MNDWI is -0.528, the mean LST is 27.847 °C. 

4.2.3. Summary 

For the whole study area in 1988, the mean NDVI is 0.511, the mean NDBI is -0.064, the 

mean MNDWI is -0.370, the mean LST is 17.379 °C. In 1995, the mean NDVI is 0.483, the 

mean NDBI is -0.040, the mean MNDWI is -0.393, the mean LST is 18.994 °C. In 2000, the 

mean NDVI is 0.446, the mean NDBI is -0.017, the mean MNDWI is -0.403, the mean LST is 

23.088 °C. In 2006, the mean NDVI is 0.461, the mean NDBI is -0.043, the mean MNDWI is -

0.380, the mean LST is 20.275 °C. In 2010, the mean NDVI is 0.436, the mean NDBI is -0.006, 

the mean MNDWI is -0.401, the mean LST is 27.756 °C. In 2013, the mean NDVI is 0.760, the 

mean NDBI is -0.360, the mean MNDWI is -0.504, the mean LST is 28.010 °C. 
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4.3. Analysis of Change Detection 

4.3.1. Statistical Change Detection 

The Table 4.7, 4.8, 4.9, 4.10 shows the details of land use land cover change between 

1988 and 1995, 1995 and 2006, 2006 and 2013, 1988 and 2013. 

Table 4.7 Land use land cover change details between 1988 and 1995 

Land Use Land Cover Change Amount of Change in     

High Intensity Urban/Developed Land (no change) 96.978 

Low Intensity urban/Residential (no change) 537.665 

Forest to High Intensity Urban/Developed Land 36.724 

Forest to Low Intensity urban/Residential 236.607 

Light Vegetation to High Intensity Urban/Developed Land 14.992 

Light Vegetation to Low Intensity urban/Residential 41.694 

Growing Vegetation to High Intensity Urban/Developed Land 8.764 

Growing Vegetation to Low Intensity urban/Residential 71.394 

 

Table 4.8 Land use land cover change details between 1995 and 2000 

Land Use Land Cover Change Amount of Change in     

High Intensity Urban/Developed Land (no change) 95.829 

Low Intensity urban/Residential (no change) 531.530 

Forest to High Intensity Urban/Developed Land 54.403 

Forest to Low Intensity urban/Residential 304.665 

Light Vegetation to High Intensity Urban/Developed Land 17.239 

Light Vegetation to Low Intensity urban/Residential 80.038 

Growing Vegetation to High Intensity Urban/Developed Land 9.344 

Growing Vegetation to Low Intensity urban/Residential 24.330 
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Table 4.9 Land use land cover change details between 2006 and 2013 

Land Use Land Cover Change Amount of Change in     

High Intensity Urban/Developed Land (no change) 120.002 

Low Intensity urban/Residential (no change) 686.702 

Forest to High Intensity Urban/Developed Land 26.045 

Forest to Low Intensity urban/Residential 259.005 

Light Vegetation to High Intensity Urban/Developed Land 6.054 

Light Vegetation to Low Intensity urban/Residential 74.400 

Growing Vegetation to High Intensity Urban/Developed Land 4.561 

Growing Vegetation to Low Intensity urban/Residential 81.644 

 

Table 4.10 Land use land cover change details between 1988 and 2013 

Land Use Land Cover Change Amount of Change in     

High Intensity Urban/Developed Land (no change) 78.218 

Low Intensity urban/Residential (no change) 536.511 

Forest to High Intensity Urban/Developed Land 54.561 

Forest to Low Intensity urban/Residential 411.981 

Light Vegetation to High Intensity Urban/Developed Land 8.889 

Light Vegetation to Low Intensity urban/Residential 61.306 

Growing Vegetation to High Intensity Urban/Developed Land 13.229 

Growing Vegetation to Low Intensity urban/Residential 103.842 

 

First, there is the statistical change detection for Jefferson County. 

From 1988 to 2000, for remote sensing indices, the NMDWI decreased in -9.717%, the 

NDBI increased in 74.180%, NDVI decreased in -11.360%, LST increased in 32.899% (5.8 °C). 

For LULC proportion, the High Intensity Urban/Developed Land decreased in -1.862%, the Low 
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Intensity Urban/Residential increased in 0.137%, the Water increased in 67.891%, the Forest 

decreased in -8.063%, the Light Vegetation increased in 156.895%, the Growing Vegetation 

decreased in -66.485%, the Total Developed Land increased in 16.611%, the Total Vegetation 

decreased in -7.157%. 

From 2000 to 2010, for remote sensing indices, the NMDWI decreased in -0.130%, the 

NDBI increased in 154.537%, NDVI decreased in -2.535%, LST increased in 19.648% (4.6°C). 

From 2000 – 2013, for LULC proportion, the High Intensity Urban/Developed Land increased in 

8.935%, the Low Intensity Urban/Residential decreased in -2.768%, the Water decreased in -

18.558%, the Forest increased in 8.525%, the Light Vegetation decreased in -70.390%, the 

Growing Vegetation increased in 94.930%, the Total Developed Land decreased in -1.205%, the 

Total Vegetation increased in 0.960%. 

From 1988 to 2010, for remote sensing indices, the NMDWI decreased in -9.859%, the 

NDBI increased in 114.091%, NDVI decreased in -13.607%, LST increased in 59.010% (10.4 

°C). From 1988 – 2013, for LULC proportion, the High Intensity Urban/Developed Land 

increased in 6.907%, the Low Intensity Urban/Residential increased in 16.791%, the Water 

increased in 36.734%, the Forest decreased in -0.477%, the Light Vegetation decreased in -

23.933%, the Growing Vegetation decreased in -34.668%, the Total Developed Land increased 

in 15.206%, the Total Vegetation decreased in -6.266%. 

Second, there is statistical change detection for Shelby County. 

From 1988 to 2000, for remote sensing indices, the NMDWI decreased in –7.493%, the 

NDBI increased in 71.662%, NDVI decreased in -14.330%, LST increased in 32.777% (5.6 °C). 

For LULC proportion, the High Intensity Urban/Developed Land increased in 28.167%, the Low 
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Intensity Urban/Residential increased in 56.256%, the Water increased in 26.418%, the Forest 

decreased in -10.909%, the Light Vegetation increased in 132.789%, the Growing Vegetation 

decreased in -78.106%, the Total Developed Land increased in 51.639%, the Total Vegetation 

decreased in -7.584%. 

From 2000 to 2010, for remote sensing indices, the NMDWI increased in 1.032%, the 

NDBI increased in 109.650%, NDVI decreased in -2.281%, LST increased in 21.028% (4.8°C). 

From 2000 – 2013, for LULC proportion, the High Intensity Urban/Developed Land increased in 

9.723%, the Low Intensity Urban/Residential increased in 17.531%, the Water increased in 

3.952%, the Forest increased in 2.727%, the Light Vegetation decreased in -57.243%, the 

Growing Vegetation increased in 199.159%, the Total Developed Land increased in 16.291%, 

the Total Vegetation decreased in -3.778%. 

From 1988 to 2010, for remote sensing indices, the NMDWI decreased in -6.384%, the 

NDBI increased in 102.735%, NDVI decreased in –16.284%, LST increased in 60.697% (10.7 

°C). From 1988 – 2013, for LULC proportion, the High Intensity Urban/Developed Land 

increased in 40.628%, the Low Intensity Urban/Residential increased in 83.367%, the Water 

increased in 31.414%, the Forest decreased in -8.480%, the Light Vegetation decreased in -

0.467%, the Growing Vegetation decreased in -34.503%, the Total Developed Land increased in 

76.343%, the Total Vegetation decreased in -11.076%. 

Finally, here is the summary of the whole study area. 

From 1988 to 2000, for remote sensing indices, the NMDWI decreased in –-8.764%, the 

NDBI increased in 73.021%, NDVI decreased in –12.644%, LST increased in 32.849% (5.7 °C). 

For LULC proportion, the High Intensity Urban/Developed Land increased in 5.401%, the Low 
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Intensity Urban/Residential increased in 28.675%, the Water increased in 43.907%, the Forest 

decreased in -10.794%, the Light Vegetation increased in 142.196%, the Growing Vegetation 

decreased in -71.702%, the Total Developed Land increased in 24.923%, the Total Vegetation 

decreased in -8.553%. 

From 2000 to 2010, for remote sensing indices, the NMDWI increased in 0.362%, the 

NDBI increased in 132.860%, NDVI decreased in -2.427%, LST increased in 21.217% (4.7 °C). 

From 2000 – 2013, for LULC proportion, the High Intensity Urban/Developed Land increased in 

9.185%, the Low Intensity Urban/Residential increased in 17.531%, the Water increased in 

3.952%, the Forest increased in 2.998%, the Light Vegetation decreased in -63.165%, the 

Growing Vegetation increased in 131.134%, the Total Developed Land increased in 3.840%, the 

Total Vegetation decreased in -1.239%. 

From 1988 to 2010, for remote sensing indices, the NMDWI decreased in -8.371%, the 

NDBI increased in 108.865%, NDVI decreased in –14.764%, LST increased in 59.707% (10.4 

°C). From 1988 – 2013, for LULC proportion, the High Intensity Urban/Developed Land 

increased in 15.083%, the Low Intensity Urban/Residential increased in 32.533%, the Water 

increased in 33.692%, the Forest decreased in -5.656%, the Light Vegetation decreased in -

10.786%, the Growing Vegetation decreased in -34.595%, the Total Developed Land increased 

in 29.720%, the Total Vegetation decreased in -9.686%. 

The Figure 4.4 to Figure 4.7 shows the temporal and spatial detail of change. The red 

color represents changes to High Intensity Urban/Developed Land; the yellow color represents 

changes to Low Intensity Urban/Residential land; the cyan color represents unchanged area. 
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Figure 4.4 Land use land cover change from 1988 to 1995 in study area 
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Figure 4.5 Land use land cover change from 1995 to 2006 in study area 
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Figure 4.6 Land use land cover change from 2006 to 2013 in study area 
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Figure 4.7 Land use land cover change from 1988 to 2013 in study area 
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4.4. Buffer Ring Analysis 

The Figure 4.8, 4.9, and table below shows the percentage of Developed land and 

Vegetation land within each buffer ring for each year. The Table 4.11 and 4.12 gives statistical 

details of the percentage of developed land and vegetation land within buffer rings. 

 

Figure 4.8 Percentage of Developed land use within each buffer ring 
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Figure 4.9 Percentage of Vegetation land cover within each buffer ring 

Table 4.11 Percentage of Developed land use within each buffer ring 

Buffer 1988 1995 2000 2006 2010 2013 

2 km 41.501 43.337 47.445 48.298 49.057 52.099 

4 km 29.697 31.470 36.504 35.075 35.968 38.968 

6 km 20.336 21.836 27.294 24.707 26.952 29.329 

8 km 16.105 18.315 22.944 19.384 22.305 24.018 

10 km 13.496 15.042 19.825 16.325 17.648 18.732 

 

Table 4.12 Percentage of Vegetation land cover within each buffer ring 

Buffer 1988 1995 2000 2006 2010 2013 

2 km 58.065 56.016 51.313 51.104 50.343 47.174 

4 km 69.865 67.805 62.480 64.309 63.349 60.227 

6 km 78.941 77.144 71.660 74.365 72.044 69.420 

8 km 83.154 80.611 75.871 79.596 76.635 74.673 

10 km 85.745 83.858 78.997 82.688 81.279 80.057 

 

In summary, as the buffer ring distance increase, the percentage of developed land use 

decreases, and the percentage of vegetation land cover increases. 
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In 1988, the developed land use percentage are 41.501%, 29.697%, 20.336%, 16.105%, 

13.496% within 2 km, 4 km, 6 km, 8 km, and 10 km buffer distance respectively. The vegetation 

land cover percentage are 58.605%, 69.865%, 78.941%, 83.154%, 85.754% within 2 km, 4 km, 

6 km, 8 km, and 10 km buffer distance respectively. 

In 1995, the developed land use percentage are 43.337%, 31.470%, 21.836%, 18.315%, 

15.042% within 2 km, 4 km, 6 km, 8 km, and 10 km buffer distance respectively. The vegetation 

land cover percentage are 56.016%, 67.805%, 77.144%, 80.611%,  83.858% within 2 km, 4 km, 

6 km, 8 km, and 10 km buffer distance respectively. 

In 2000, the developed land use percentage are 47.445%, 36.504%, 27.294%, 22.944%, 

19.825% within 2 km, 4 km, 6 km, 8 km, and 10 km buffer distance respectively. The vegetation 

land cover percentage are 51.313%, 62.480%, 71.660%, 75.871%, 78.997% within 2 km, 4 km, 

6 km, 8 km, and 10 km buffer distance respectively. 

In 2006, the developed land use percentage are 48.298%, 35.075%, 24.707%, 19.384%, 

16.325% within 2 km, 4 km, 6 km, 8 km, and 10 km buffer distance respectively. The vegetation 

land cover percentage are 51.104%, 64.309%, 74.365%, 79.596%, 82.688% within 2 km, 4 km, 

6 km, 8 km, and 10 km buffer distance respectively. 

In 2010, the developed land use percentage are 49.057%, 35.968%, 26.952%, 22.305%, 

17.648% within 2 km, 4 km, 6 km, 8 km, and 10 km buffer distance respectively. The vegetation 

land cover percentage are 50.343%, 63.649%, 72.004%, 76.635%, 81.279% within 2 km, 4 km, 

6 km, 8 km, and 10 km buffer distance respectively. 
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In 2013, the developed land use percentage are 52.099%, 38.968%, 29.329%, 24.018%, 

18.732% within 2 km, 4 km, 6 km, 8 km, and 10 km buffer distance respectively. The vegetation 

land cover percentage are 47.174%, 60.227%, 69.420%, 74.673%, 80.057% within 2 km, 4 km, 

6 km, 8 km, and 10 km buffer distance respectively. 

4.5. Analysis of Correlation 

The correlation was tested among all the remote sensing indices, LULC proportion, 

elevation, slope, population, population density, and per capita income, in the census level for 

the whole study area (Jefferson County and Shelby County combined). 

For the High Intensity Urban/Developed Land Proportion, it is positively correlated with 

NDBI (0.704), and negatively correlated with NDVI (-0.839), slope (-0.523). For the Low 

Intensity Urban/Residential Proportion, it is positively correlated with NDBI (0.561), population 

density (0.809), and negatively correlated with NDVI (-0.585), slope (-0,519). For the Water, it 

is correlated with nothing. For the Forest, it is positively correlated with NDVI (0.866), slope 

(0.747), and negatively correlated with NDBI (-0.826), population density (-0.701). For the Light 

Vegetation proportion, it is correlated with nothing. For the Growing Vegetation, it is correlated 

with nothing. 

There are also very interesting correlations found among the remote sensing indices. For 

the NMDWI, it is correlated with nothing. For the NDBI, it is positively correlated with LST 

(0.650), population density (0.403) and negatively correlated with NDVI (-0.935), slope (-0.677). 

For the LST, it is positively correlated NDBI (0.650), and negatively correlated with NDVI (-

0.529). 
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4.6. Simulation of Land Use and Land Cover 

The SLEUTH simulation model requires a very intensive calibration. The table below 

shows the statistics of three stages of calibration and five coefficients used for prediction. Table 

4.13 shows the coefficients range selection for coarse calibration. Table 4.14 shows the 

coefficients range selection for fine calibration. Table 4.15 shows the coefficients range selection 

for final calibration. Table 4.16 shows the coefficients range selection for deriving the forecast 

coefficient. Table 4.17 shows the Best fit coefficients for prediction. 

Table 4.13 Coefficients range selection for coarse calibration 

Coefficients Start value Stop value Steps 

Diffusion 0 100 25 

Breed 0 100 25 

Spread 0 100 25 

Slope resistance 0 100 25 

Road gravity 0 100 25 

 

Table 4.14 Coefficients range selection for fine calibration 

Coefficients Start value Stop value Steps 

Diffusion 1 20 5 

Breed 1 25 5 

Spread 1 20 5 

Slope resistance 75 100 5 

Road gravity 25 100 15 

 

Table 4.15 Coefficients range selection for final calibration 

Coefficients Start value Stop value Steps 

Diffusion 1 1 1 

Breed 1 6 1 

Spread 1 1 1 

Slope resistance 90 100 2 

Road gravity 25 55 5 

 

Table 4.16 Coefficients range selection for deriving forecast coefficients 

Coefficients Start value Stop value Steps 

Diffusion 1 1 1 

Breed 6 6 1 

Spread 1 1 1 

Slope resistance 90 90 1 

Road gravity 41 41 1 
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Table 4.17 Best fit coefficients for prediction 

Diffusion Breed Spread Slope resistance Road gravity 

1 1 1 100 40 

 

The Figure 4.10 to Figure 4.13 below show future pattern of LULC in Birmingham 

Metropolitan Area. 
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Figure 4.10 Land use land cover in 2020 of study area 
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Figure 4.10 Land use land cover in 2030 of study area 
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Figure 4.12 Land use land cover in 2040 of study area 

  



 

104 

 

 

Figure 4.13 Land use land cover in 2050 of study area 
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The Table 4.18 and 4.19 below shows the statistics of predicted land use land cover for 

2020, 2030, 2040, and 2050. 

Table 4.18 Pixel counts of predicted land use land cover classes  

LULC 2020 2030 2040 2050 

Urban/Residential 381829 387825 397524 411725 

Vegetation 988180 982313 972785 958761 

Light Vegetation 61330 53670 43993 34810 

Growing Vegetation 87624 71865 54517 40741 

Forest 839226 856778 874275 883210 

Water 21666 21540 21373 21199 

 

Table 4.19 Percentage of predicted land use land cover classes  

LULC 2020 2030 2040 2050 

Urban/Residential 27.437 27.867 28.564 29.585 

Vegetation 71.007 70.585 69.900 68.892 

Light Vegetation 4.407 3.856 3.161 2.501 

Growing Vegetation 6.296 5.164 3.917 2.927 

Forest 60.303 61.564 62.821 63.463 

Water 1.557 1.548 1.536 1.523 

 

The Figure 4.14 shows the future pattern of Developed land use and Vegetation land 

cover. 

 

Figure 4.14 Percentage of Developed land use and Vegetation land cover in 2020, 2030, 2040, and 2050 
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According to the predicted images, in 2020 for Birmingham Metropolitan Area, there are 

381829 pixels of Developed Land, 1374.584    , accounting for 27.437% of all land use land 

cover; there are 61330 pixels of Light Vegetation, 220.788    , accounting for 4.407% of all 

land use land cover; there are 87624 pixels of Growing Vegetation, 315.446    , accounting for 

6.296% of all land use land cover; there are 839226 pixels of Forest, 3021.214    , accounting 

for 60.303% of all land use land cover; there are 21666 pixels of Water, 77.998    , accounting 

for 1.557% of all land use land cover; there are 988180 pixels of All Vegetation, 3557.448    , 

accounting for 71.007% of all land use land cover. 

In 2030 for Birmingham Metropolitan Area, there are 387825 pixels of Developed Land, 

1396.170    , accounting for27.867% of all land use land cover; there are 53670 pixels of Light 

Vegetation193.212    , accounting for 3.856% of all land use land cover; there are 71865 

pixels of Growing Vegetation, 258.714    , accounting for 5.164% of all land use land cover; 

there are 856778 pixels of Forest, 3084.401    , accounting for 61.564% of all land use land 

cover; there are 21540 pixels of Water, 77.544    , accounting for 1.548% of all land use land 

cover; there are 982313 pixels of All Vegetation, 3536.327    , accounting for 70.585% of all 

land use land cover. 

In 2040 for Birmingham Metropolitan Area, there are 397524 pixels of Developed Land, 

1431.086    , accounting for 28.564% of all land use land cover; there are 43993 pixels of 

Light Vegetation158.375    , accounting for 3.161% of all land use land cover; there are 54517 

pixels of Growing Vegetation, 196.261    , accounting for 3.917% of all land use land cover; 

there are 874275 pixels of Forest, 3147.390    , accounting for 62.821% of all land use land 

cover; there are 21373 pixels of Water, 76.943    , accounting for 1.536% of all land use land 
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cover; there are 972785 pixels of All Vegetation, 3502.026    , accounting for 69.900% of all 

land use land cover. 

In 2050 for Birmingham Metropolitan Area, there are 411725 pixels of Developed Land, 

1482.210    , accounting for 29.585% of all land use land cover; there are 34810 pixels of 

Light Vegetation125.316    , accounting for 2.501% of all land use land cover; there are 40741 

pixels of Growing Vegetation, 146.668    , accounting for 2.927% of all land use land cover; 

there are 883210 pixels of Forest, 3179.556    , accounting for 63.463% of all land use land 

cover; there are 21199 pixels of Water, 76.316    , accounting for 1.523% of all land use land 

cover; there are 958761 pixels of All Vegetation, 3451.540    , accounting for 68.892% of all 

land use land cover. 
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5. CONCLUSION 

The study has used the Birmingham Metropolitan Area, including Jefferson County, 

Shelby County as a case study. It has led to some conclusions. Firstly, the study has shown that 

the remote sensing, GIS, and satellite images are very useful for mapping land use and land 

cover change through the time. The study has created a systematic land use and land cover 

classification map exactly in Birmingham Metropolitan Area, where little research has been done 

in this area.  The time range of the study has also cover the last 3 decades, from 1988 to 2013, 

with one classification map every almost every five years. It has utilized the Mosaic, Extraction, 

Rescale for the image preprocessing. Supervised classification has been utilized to map the land 

use and land cover, with random training samples taken from each images, by choosing parallel 

piped and maximum likelihood classification scheme. After that an accuracy assessment was 

performed in order to ensure the accuracy of the classified images, with averaged accuracy up to 

80% for all classified images. The study has also utilized the latest satellite Landsat 8 OIL/TIRS 

imageries, which fill the two years gap of non-good-quality data for Birmingham Metropolitan 

Area, providing better remote sensing images than Landsat 5 TM images, with higher 

radiometric resolution. In addition, the remote sensing image enhancement has also proved to be 

a good tool to derive further information from the original Landsat images. The NDVI provides 

the vegetation cover information, the NDBI provides the Built up land cove information; the 

MNDWI provides the water land cover information; and the LST provide the surface 

temperature information. 
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The study has investigated the land cover and land use change in Birmingham 

Metropolitan Area from 1988 to 2013. The GIS has been largely utilized for change detection. 

The recoding and map algebra has facilitated to create from-to change detection maps. In overall, 

there is an increasing trend for Developed land cover from 1988 to 2013, including High 

Intensity Urban/Developed Land and Low Intensity Urban/Residential. There is a decreasing 

trend for Vegetation Land cover from 1998 to 2013, including Forest, Light Vegetation and 

Growing Vegetation. The change detection analysis has shown an expansion along the I-65, I-

459 and Hwy 280, with an increasing land cover percentage and decreasing developed land use 

percentage, when moving away from the roads. In summary, the Low Intensity 

Urban/Residential land use thrives over the last three decades. The study has also performed a 

correlation coefficient test. These correlations not only showed the NDBI is a good indicator for 

High Intensity Urban/Developed Land and Low Intensity Urban/Residential, but also 

development usually happens in expense of vegetation, such as forest, grassland, and cropland, 

and in mild slope. The population density is high in Low Intensity Urban/Residential, where 

people actually live. The land cover land use change also lead to environmental impact, 

especially for surface temperature. Developed Land use usually has higher surface temperature 

than vegetation land cover area. 

In terms of the future land use land cover, the total developed land cover increases, and 

total vegetation cover decreases. The increase of the new settlements occurs where slope is 

gentle, where has higher accessibility. The result of prediction corresponds to the relationship 

among land use land cover, slope and road accessibility. 
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