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This research investigates land use and land cover change in Alachua County, FL from 

1993 to 2003. Determining the best classification method to classify satellite images for the 

study area was the second objective of this research. Different classification methods were used 

in the research in order to improve the classification accuracy. Supervised classification 

(Gaussian Maximum Likelihood) was the first approach to classify three Landsat images. The 

accuracy assessment of this classification was not acceptable for remote sensing research. 

Knowledge based classification was used to improve the accuracy in all images. The accuracy 

increased in all images, however there was misclassification in suburban class due to the mixed 

texture of this area. A third classification was performed after removing suburban class, the 

results of this classification were acceptable for academic research. The trends of changes in land 

use and land cover are taking a place in west and central portions of Alachua County. This 

research found that 4.97% of the total area transformed from vegetation to built areas by 2003, 

1.07% of the total area transformed from vegetation land cover to built area by 1998, and 2.23 % 

of the total area have converted from built structure to vegetation area in 1998.   
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CHAPTER 1 
INTRODUCTION 

Background 

Among social sciences disciplines Geography is the only science that examines the 

relations between society and the natural environment (Peet, 1998). Geography as known is the 

study of the earth’s surface and how natural force and living organisms reshape this surface. 

Analyzing the environmental system from both physical and human perspectives, over time, 

allows us to investigate how humans modify the earth’s surface and how humans change their 

surrounding environment to obtain their essential needs such as food and shelter. According to 

Turner and Meyer (1994) the earth has experienced a great deal of change, including species 

extinctions, and changes such as expansion of cities and loss of forests, although the world has 

never experienced such rapid land changes as it is today.  The interaction between humans and 

their surrounding environment is resulting in changes on land cover patterns and these changes 

could be monitored to recognize human actions that drive them to enable us to better understand, 

model, manage and predict further environmental change (Turner and Meyer, 1994). One way to 

monitor these changes on the earth’s surface is to study land use and land cover changes of a 

specific geographic area over a period time. 

Land use and land cover change is the approach of monitoring changes on the earth’s 

surface that occurred as a function of the interaction between humans and their surrounding 

environment. Land use refers to the use of the land that reflects human behavior. For example, a 

forested land cover could include multiple land uses. It could be used as a resource for logging or 

as a park for recreation purposes. Land cover change, may be related to changes in land use, or 

could simply be a function of changes in the natural system e.g., wetland area changing to bare 

land as a function of changes in the climate system (Turner and Meyer, 1994). Land use and land 
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cover change plays an important role in recent research in order to understand the environmental 

and social consequences of change and to identifying the temporal and spatial extent of changes 

on the earth’s surface. Today, Remote Sensing and Geographic Information System (GIS) have 

been used widely to study and analyze land use and land cover. This study examines the changes 

that have occurred in land use and land cover in Alachua County from 1993 to 2003.  

Study Area 

Alachua County is located in the North Central part of Florida. Alachua County includes 

number of cities Alachua, Archer, Hawthorne, High Springs, LaCrosse, Micanopy, Gainesville, 

Newberry, and Waldo across 960 square miles (Phillips, 1986). Alachua County’s climate differs 

from other parts of Northern Florida, due to its unique latitudinal location, the variety of surface 

features, and distance from the sea. Gainesville is this region’s largest city and most populated, 

and is home of the largest public University in the state of Florida (The University of Florida).  

Use of Remote Sensing and GIS 

According to Yang et al. (2002) land use and land cover change could be monitored by 

using remotely sensed date to study spatial and temporal features of these changes. Remote 

sensing is the science of gathering information about the earth’s surface without touching it 

(Digital Mapping Systems, 2006). Analyzing this information over spatial and temporal scales 

could be an excellent tool to detect changes that occurred on the earth’s surface in order to 

provide a better understanding of how humans change their surrounding environment. According 

to U.S. Geological Survey, GIS is a computer system and software that used to manipulate, 

amass, organize and present geographically referenced data based on their location. It is basically 

a database system that used to display geographically referenced data as map images. 

Remote Sensing techniques have been used widely in research to classify satellite images 

according to the spectral signature of the land covers. These land cover types will be presented as 
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categories and each category includes a group of pixels that have similar values. Changes in land 

use and land cover that occurred in the earth’s surface could be obtained from the classified 

satellite images.      

Our study used Remote Sensing and GIS to examine changes in land use and land cover in 

Alachua County from 1993 to 2003. Three Landsat images were obtained from two different 

satellites ( Landsat TM and Landsat ETM), and used to monitor changes in land use and land 

cover. These three satellites images classified by three different techniques, unsupervised 

classification, supervised classification and knowledge based classification in order to improve 

the classification of remotely sensed images and to detect the trend of land use and land cover 

change for Alachua County, Florida from 1993 to 2003.  

• RQ1: What type of land use and land cover change patterns have occurred in 

Alachua County from 1993 to 2003?  

• RQ2: What type of classification method produces the best results? Why?   
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CHAPTER 2 
UTILIZING REMOTE SENSING AND GIS TO STUDY LAND-USE AND LAND-COVER 

CHANGE IN ALACHUA COUNTY, FLORIDA FROM 1993 TO 2003. 

Introduction 

Background 

Land transformations have been going on since the beginning of time. The earth has 

experienced the spread and extinction of species, loss of forests, drainage of wetlands, expansion 

of cropland and major developments of cities, but the world has never suffered such rapid land 

transformations as it is today (Turner and Meyer, 1994). According to many scholars, recent 

environmental and land changes are attributed to human activities. The human impact on the 

earth has reached its peak, is unprecedented in its scale and is significantly influencing the 

resources needed in sustaining the biosphere (Turner and Meyer, 1994). It is therefore important 

to recognize these human actions and the forces that drive them to understand, model, manage 

and predict further environmental change (Turner and Meyer, 1994). One way to accomplish this 

is by studying the land use and land cover changes of a specific geographic area over a period 

time.  

Today, modern technologies in Remote Sensing and Geographic Information System (GIS) 

have made it easier to study and analyze land use and land cover. This research examines the 

changes in land use and land cover in Alachua County from 1993 to 2003. Alachua County is 

located in the north-central part of the state of Florida. Gainesville is this region’s most 

populated and largest city, and is home of the largest public University in Florida: The 

University of Florida. 

One the of the project’s objectives is to see what kind of land use and land cover changes 

Alachua County experienced in the last decade. Urban planners can use this information to plan 

for the future and potentially overcome any projected mishaps. More importantly, this project 
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aims to showcase the need in using GIS and remote sensing technologies to determine, analyze, 

and predict land use and land cover change. The earth is changing ever so rapidly, and land use 

and land cover research is essential to providing solutions to overcome such changes (Maktav et 

al., 2005). 

Land Use and Land Cover Change 

Land use and land cover change is the approach of understanding changes on the earth’s 

surface that are reached by the interaction between humans and their environment. Land use 

refers to the use of the land associated with human behavior. A forested land cover, for example, 

can have multiple land uses.  It could be used for recreation purposes, as a park or even a 

plantation forest.  Land cover, on the other hand, refers to changes in land cover, not related to 

land use. For example, forest land changing to bare land (Turner and Meyer, 1994). Land cover 

change can cause either conversion or modification. Conversion refers to changing from one 

class to another, like from forest to cropland. Modification involves a change within a land cover 

class, like a change in composition of a forest. However, while land cover changes usually 

follow those of land use, the opposite is not always true: land cover change could occur even if 

the land is unaltered by humans (Turner and Meyer, 1994).  

According to Turner and Meyer (1994), land use and land cover are connected by the 

“proximate sources” of change, which are the human actions that influence the physical 

environment directly. These proximate sources reflect social, economical, political, and cultural 

aspects in humans that shape and drive the changes in land use (Turner and Meyer, 1994).  

Urbanization and Land Use/ Land Cover Change 

The increase of urbanization globally is certainly one of the human driving forces that 

directly affects land use and land cover. This significant increase in urban populations and urban 

areas is continuously affecting natural and human environments at all geographic scales and 
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locations (Herold et al., 2003). The world’s population is projected to increase from 6.1 billion in 

2000 to 7.8 billion in 2025 with the urban share estimated to reach 58 percent. By 2025, the 

majority of the world’s population will be living in cities or urban areas (Gelbarad et al 1999). 

For developing countries this trend can lead to problems like poverty, health issues—increase in 

infant mortality and decrease in life expectancy—and natural disasters (Brockerhoff, 2000). For 

the more developed world, which this study is more focused upon, challenges are arising less 

from population growth and more from the changes in population composition and distribution 

(Brockerhoff, 2000).  

In the United States, unaffordable housing, inadequate educational opportunities and lack 

of public safety in inner cities have all aided increasing poverty and homelessness rates. Also, 

the increase of legal and illegal immigration in the United States could be viewed as a great 

opportunity for diversity and cultural interaction, but ethnic immigrants living in urban cities 

create ethnic clusters that usually cause intolerance and racial tensions between different 

immigrant groups.  

These same challenges, in addition to low government investments in the infrastructure of 

inner cities have motivated the more affluent and middle-class population to relocate to the 

suburbs. This movement of people and jobs away from the central cities toward suburbs of major 

metropolitan areas is called decentralization, and it is considered as one of the most salient trends 

of urbanization in the United States since the 1960s (Brockerhoff, 2000).  The increasing growth 

of suburbs, however, results in what is called urban sprawl, which is an outward growth of 

subdivisions of land segregated by specific use, including low-density commercial and 

residential settlements.  
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According to Brockerhoff (2000), the future of America’s urban and spatial trends will be 

determined by international flows of capital, information, labor, technology and decisions made 

by individuals and government agencies. But the future needs to be beneficial for the future 

generation, and urban planners need to use the resources and mechanisms available to analyze 

past and current land use and land cover change, predict future implications, and provide 

solutions to prevent those potential outcomes. In other words, effective schemes by urban 

planners require up-to-date and complete information regarding past land use changes and their 

impacts.   

Certainly, the increasing interest in research on land use and land cover stems from a 

growing concern over globally occurring environmental changes (Houghton, 1994). As 

mentioned above, land use and land cover change is the approach of understanding changes on 

the earth’s surface that is reached by interpreting the interactions between humans and their 

environment. These changes could affect environmental aspects like climate change, hydrologic 

processes and extermination of plant and animal species. However, systematic analyses of the 

change trends are needed to further comprehend and understand the drivers behind these 

transformations (Turner el al., 1995).  

Land use and land cover change plays an important role in choosing the correct research 

approaches that will lead to identifying the temporal and spatial extent of changes on the earth’s 

surface. In order to understand the environmental and social consequences of change, researchers 

have to observe and monitor between various patterns of change. To do so, researchers have to 

utilize the technologies in GIS and remote sensing. 

Use of Remote Sensing and GIS 

Remotely sensed date can be used to study spatial and temporal features of land use and 

land cover change (Yang et al. 2002). Remote sensing is the science of obtaining information 
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about the earth’s surface, usually from aircraft or satellite, using instruments that may use visible 

light, infra-red or radar to acquire data (Digital Mapping Systems, 2006). Use of such data over 

spatial and temporal scales can detect changes occurring on the earth and can provide a better 

understanding of how the land is being influenced by human activity. Having the ability to 

observe and collect data for large areas within a short period of time, remote sensing can be a 

useful tool for GIS.  

According to U.S. Geological Survey, GIS is a computer system and software whose 

purpose is to organize, amass, manipulate and present geographically referenced data based on 

their location. It is basically a database system that manages spatially referenced data which can 

be graphically displayed as map images.  

There are several Remote Sensing and GIS techniques that have been employed in research 

to classify satellite images based on the spectral signature of land covers. Image classification is 

the process of grouping pixels that have similar values into classes or categories, which signify 

certain types of land use and land cover. Classified satellite images provide information of land 

use and land cover classes, which generally used to identify changes in the earth’s surface. 

Parametric techniques are commonly used to classify remotely sensed data that are distributed 

normally by using map algebra, which clusters like-pixel values in the image statistically. 

Maximum likelihood and unsupervised classification are widely used as parametric techniques. 

For non-normally distributed remotely sensed data nonparametric techniques are implemented to 

classify the imagery such as fuzzy and nearest-neighbor classification. One problem relating to 

such optimal statistical clustering of data is that it may not correspond to very meaningful 

information classes when using unsupervised methods. On the other hand, spectral signatures 
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used in supervised classification often overlap and make effective discrimination based solely on 

spectral reflectance characteristics very difficult (Daniels, 2006).  

The level of difficulty in achieving an accurate land cover classification relates to the 

definition of the land cover classes used. For example, urban and suburban areas are not similar 

to other land cover types, which are more easily classified such as water and forest, because of 

it’s heterogeneous nature. Urban and suburban as land use/cover classes usually include other 

types of land cover in addition to a built signature, such as grass, water, soil, and trees besides 

the built materials. The mixed spectral signatures of this land cover result in a need for advanced 

classification techniques to differentiate between them. In this paper, GIS data sets, implemented 

with remotely sensed data in a rule based classification technique, engage both spectral and non 

spectral information to try to improve classification accuracy of remotely sensed images for 

Alachua County, FL and detect the changes that occurred in land use and land cover across the 

region, from 1993 to 2003. Study questions addressed are;  

RQ1: What type of land use and land cover change patterns have occurred in Alachua 

County from 1993 to 2003?  

RQ2:  What type of classification method produces the best results? Why?   

Methodology 

Study Area 

Located in the North Central part of Florida, Alachua County covers about 960 square 

miles (Figure 2-1). Alachua, Archer, Hawthorne, High Springs, LaCrosse, Micanopy, 

Gainesville, Newberry, and Waldo are all part of Alachua County (Phillips, 1986). 

Due to its unique latitudinal location, distance from the sea and the variety of surface 

features, Alachua County’s climate differs from other parts of Northern Florida.  The county has 

one warm rainy season and a cool dry season. The rainy season begins in the middle of May and 
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ends in September. The average annual rainfall for Gainesville, which is the largest city in 

Alachua, is 35 inches per year, with most of the rain falling between June and July 

(Dohrenwend, 1978, City of Gainesville, 2008). The average high temperature in winter is 

18.3˚C and the average temperature in the summer is 31.6˚C (City of Gainesville, 2008). 

Monthly rainfall from 1992 to 2003 was provided by Gainesville Airport Weather Station 

(Figure 2-1). Figure 2-2 shows the monthly rainfall for Gainesville, Alachua County from 

February 1992 to March 1993 and the average rainfall for 1992-2003 fro comparison. The figure 

indicates that the rainfall in February 1993, one month before obtaining the Landsat TM 1993 

image, was above average by 1.75 inches. This difference in the rainfall made the study area 

slightly wetter than normal. Figure 2-3 demonstrates the monthly precipitation for Gainesville 

from January 1997 to February 1998 and the monthly rainfall from February 1992 to March 

2003. In January 1998 the rainfall one month before the Landsat TM 1998 was obtained, was 

more than the average by 8.56 inches. Since Alachua County experienced the highest amount of 

rainfall in the beginning of 1998, the area of study was wetter than any time else across the study 

period. Figure 2-4 shows the monthly precipitation for Gainesville from February 2002 to March 

2003 and the average monthly rainfall from February 1992 to March 2003.The figure indicates 

that the rainfall in February 2003, one month before obtaining the Landsat ETM 2003 image, 

was below the average by 2.98 inches. The rainfall in February 2003 made the study area drier. 

These differences in precipitation may affect the amount of area in the Water land cover class 

which can be easily monitored, but should not impact the other classes, due to them being such 

broad descriptions of land cover e.g., an area would not convert from any land cover class due to 

precipitation difference given here, accept for a temporary increase or decrease in a water class, 
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due to flooding or drought, and really only 1998 might show significant changes. If there are 

potential impacts, it will be discussed in the results section.    

 In the last decade, Alachua County experienced major population growth, mainly due to 

the expansion of University of Florida and the Gainesville vicinity. According to the population 

Census Counts, the population in Alachua County increased from 181, 600 in 1990 to 217,955 in 

2000, an equivalent of about a 20 percent increase. In 2006, the population was estimated to be 

227, 120 (U.S. Census Bureau). Also, the recent success of the University of Florida’s basketball 

and football teams—National Basketballs champions in 2005 and 2006, and the 2006 football 

champions—has given the city of Gainesville media publicity and in essence, increased its 

popularity. These athletic successes caused more high-school graduates to apply for the 

University of Florida.  The successes also brought in more money to the city, which has helped 

in its growth.    

With this growing population, the land use in Alachua County has certainly experienced 

significant changes. Most of the land use change, as implied above, has occurred in Gainesville. 

The growth of the University of Florida produced changes in Alachua county and Gainesville. 

The downtown area in Gainesville has become a government and professional center, and retail 

stores migrated west to Interstate 75. As a result of these changes, population growth has 

traveled west, and government officials have trying to maintain a balance between the area’s 

natural environment and this growth. (Gainesvilletoday.com, 2008)     

Because of these rapid changes and growth in population occurring in Alachua County, it 

was inferred that studying and analyzing the land use and land cover change of this region would 

provide valuable information for urban planners to potentially overcome any upcoming crisis and  

to successfully plan for the future. 
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Image Pre-Processing  

Two Landsat TM images were obtained for Path 17, Row 39 in March 1993, February 

1998, and one Landsat ETM image in March 2003. Since the most recent Landsat ETM image 

that was available was 2003 (pre Landsat 7 problems) this ten year period was determined as the 

study period. The imagery was obtained during the dry season, when cloud free images are more 

available. However, the March 1993 image had some small areas of clouds that were then 

masked out of all images by using subset analysis. The masked areas are assigned as no data 

within the study site. In order to reference the images sixty distributed ground control points 

(GCP), where gathered with GPS receivers in region. UTM coordinate system (zone 17 N), NAD 

83 datum was used to register all images and field checked for accuracy (Binford et al 2006). 

The root mean square error (RMS) for all images ranged from 6.8 m to 8.9 m and the average 

was 8.0 m. CIPEC atmospheric calibration techniques (Green et al., 2005) were performed on all 

images to minimize the atmospheric variation such as solar elevation and curve, and atmospheric 

effects.  

Classification Scheme  

To determine the classification scheme unsupervised classification was performed in 10, 

20, and 30 classes for the study area. Based on the clustered classes of unsupervised 

classification, five land use and land cover classes were designated and to increase the 

classification accuracy some land cover classes grouped under their main types (Table 2-1). Land 

use classes related to suburban, urban, pasture.  Land cover classes were water and forest. This 

proposed classification scheme was based on the main aim of the paper which is land use and 

land cover changes in Alachua County from 1993 to 2003, much of which is urban and suburban 

development, and loss of more natural vegetation in the process.   
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Field work was conducted for the study area to experiment with the efficiency of the 

classification scheme. Water as land cover, consists of an area that is inundated by water such as 

rivers, lakes, and wetland.  Forest is area containing different species of trees and bushes with ≥ 

25% canopy closure. Pasture as land use, composed of agricultural land, pasture, grassland, and 

others. Urban, composed of 70-100% built materials such as the airport and shopping malls. 

Suburban, composed of 40-70% built materials which are mixed with vegetation such as 

Residential.           

Training Samples and Fieldwork  

Training samples for the study area were collected with Trimble GPS from the field.  

Trimble GPS is one of well known high accurate GPS, which has < 1m spatial accuracy. Field 

work was conducted from May to August 2007. Around 300 distributed training samples were 

gathered from across the study area (Figure 2-5).  These training samples were used with aerial 

photos, from Florida Geographic Data Library, to determine land use land cover types.  The 

interpretation of aerial photos increased the number of training samples from 300 to over 1000.  

These training samples were used to implement the classification and then to assess the 

classification via an accuracy assessment. Moreover, around 800 photos were taken during the 

field work for land use and land cover types in the study area.  

Image Classification  

In the first part of this research traditional classification methodology “supervised 

classification using the Gaussian Maximum Likelihood” was performed on all image dates in 

order to compare to decision based classification method. The average accuracy assessment 

(overall accuracy) of these images was not more than 55%, which is unacceptable for remote 

sensing classification. These classes are hard to differentiate from some spectrally similar land 
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cover classes. As result, it was essential to implement an advanced classification technique 

which was rule-based in nature.  

Building on this initial classification methodology a rule-based classification scheme was 

then created for the study region. For this analysis additional data layers had to be created. A 

number of spectral analysis layers were created in the ERDAS Imagine processing software for 

use in the classification process. These are the initial classification; an Normalized Difference 

Vegetation Index (NDVI), Tasseled Cap Transformation (TCT), Texture Analysis (TA), low 

pass filter, and edge detector analysis. Moreover, a set of non-spectral analysis layers were 

created in ArcGIS for use in the classification process. These are a Digital Elevation Model 

(DEM) at 30 m spatial resolution which was obtained from Florida Geographic Data Library 

(FGDL), Distance to home, Distance to roads, and distance to school (Figure 2-6). These 

distances were measured by using ArcGIS Spatial Analyst tool; Euclidean Distance. This tool 

measures the distance between each pattern and it surrounding pattern and it used to relate land 

covers to this distance, for example, it measures the distance between all major roads in Alachua 

County.    

Normalized Difference Vegetation Index 

The Normalized Difference Vegetation Index (NDVI) is a radiometric measure of remotely 

sensed imagery that designates activity and relative abundance of healthy vegetation, which 

includes percentage of greens cover, leaf area index, green biomass, chlorophyll content, and 

absorbed photosynthetic active radiation (APAR) (Jenson 2000). NDVI has been widely 

employed in remote sensing research to indicate vegetation classes from other land use and land 

cover classes. NDVI analysis was performed based on the calculation of red and near infrared 

(NIR) bands: 

NDVI = NIR-RED/NIR+RED 
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NDVI calculation values vary from -1.0 to 1.0. The lower value signifies no vegetation, 

while the higher value signifies green and healthy vegetation. In order to differentiate vegetation 

classes from non-vegetation classes in this study, NDVI layers were created for each image date.  

Texture analysis 

Texture analysis techniques are frequently used to indicate the spatial information of 

diverse object classes into a classification. Many researchers have revealed that structural and 

spatial information can lead to momentous improvements in the accuracy assessment of built up 

areas classification (Hsu 1978, Gong and Howarth 1990, Marceau et al 1990, and Puissant et al 

2005). Texture analysis outputs may be used as a method to classify an image or as additional 

data layer that could be used in the classification. Texture analysis incorporates information 

based on the surrounding pixels, so it is involved with spectrally based data. This analysis 

method has proven to be especially useful for urban and suburban area differentiation (Puissant 

et al 2007).  

Texture analysis has several optimal windows sizes such as 3 x 3, 5 x 5, and 13 x 13. The 

optimal window size determines the amount of spatial information. If the window size is very 

small, inadequate spatial information is extracted to characterize a specific land cover, while 

large windows may overlap two types of land cover resulting in erroneous spatial information. 

For that reason, image resolution and the content within the image are used to identify window 

size for texture analysis (Puissant et al 2007). In this study, texture analysis was performed on all 

images using 5 x 5 windows based on resolution and the content within the images.  

Low pass filter 

The low pass filter was used to attenuate noise and boundary errors, and to enhance 

features in the remote sensing imagery, by producing new brightness values after blocking the 

high spatial frequency detailed, this filter introduces useful spatial frequency information that 
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could be extracted from the image (Jenson 2000). Low pass filter has different size of windows, 

such as 5 x 5 and 7 x 7. The smaller size windows are usually used to distinguish small features 

from their surrounding area. On the other hand, large size windows are used to eliminate small 

features in order to recognize large features. These windows are used to generate the average of 

pixel values in the box for each pixel value in the image (USGS 2007). Yang and Liu (2005) 

used a 3 x 3 filter to decrease the difficulty of the classification process. They performed 3 x 3 

filter to reduce classes boundaries error due to the occurrences of intra-pixel spectral mixing and 

signal noise. Since this study used remotely sensed data that were obtained from Landsat TM and 

ETM with a spatial resolution of 30 x 30 m, a 5 x 5 filter was used in all images. Using a 5 x 5 

filter improved the ability of detecting small features within the study area and to reduce noise 

and boundary errors. 

Tasseled cap transformation      

 Tasseled Cap Transformation (TCT) is a type of principle components analysis. It 

transforms image bands into brightness (to indicate urban and soil), greenness (to indicate 

vegetation), and moisture or wetness. According to Jensen (2000) the brightness band in 

Tasseled Cap Transformation is used to identify urbanization areas which are particularly evident 

in this band. The greenness band is an important source which provides information about 

vegetation. Moisture status of the wetland information presents in the wetness band. TCT could 

be helpful for use anywhere to disaggregate the quantity of soil brightness, vegetation, and 

moisture content in independent pixels in satellite imagery (Jensen 2000). Since this study 

attempted to detect changes that occurred in land use such as urban and land cover such as forest, 

using this kind of analysis would be helpful to improve the classification accuracy. Tasseled Cap 

Transformation analysis was performed on all images for use in suburban area discrimination.  
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Thermal band 

The thermal band was extracted from all images for use in the classification process in 

order to improve the accuracy. According to Jensen (2000), this band calculates the quantity of 

infrared energy that is released from the earth’s surface and it is practical for locating geothermal 

activity. Using the thermal band as layer data could be helpful to improve classification accuracy 

by indicating the temperature of each land use and land cover classes. Lu and Weng (2006) in 

their study of impervious surface in urban land-use classification in Indianapolis/Marion County, 

Indiana, USA, used thermal band as input layer to classify urban land use classes, in order to 

decrease the number of mixed pixels. Built structures have many different thermal properties 

than vegetation area, so using thermal band can be used to discriminate across the classes. As a 

result, including the thermal band in the classification as a data layer may help to differentiate 

between suburban and vegetation areas. 

Non-spectral data layers 

 Other, non-spectral data layers were also incorporated. A Digital Elevation Model (DEM) 

at 30 m spatial resolution was obtained from Florida Geographic Data Library (FGDL) and used 

as a data layer for the rule-based classification process. Using a DEM could be useful to identify 

the association between land use and land cover classes with the elevation of the landscape. This 

data layer could be used to differentiate certain land use types from others. Moreover, distance to 

home, distance to roads, and distance to school data layers were also created for the rule-based 

classification. The input data for their creation (homes, public schools, and roads) were obtained 

from the Department of Growth Management in Alachua County as GIS layers.  

 According to the Department of Growth Management in Alachua County (2008), homes 

layer is a dataset that contains locations and information pertaining of homes, public school layer 

contain all of the Alachua county public school, and roads layer is contain all of the Alachua 
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county roads. Distance to home layer was created from a GIS raster layer which highlights 

homes in Alachua County, by using ArcGIS Spatial Analyst tool; Euclidean Distance. This tool 

measures distance from the center of a source cell to the center of surrounding cells, the outputs 

of this tool is a raster of floating-point distance values (ArcGIS Desktop help). In other words, 

this tool measure the distance between each pattern from the surrounding one. For example, it 

measures the distance between Gainesville high school and Waldo high school, this distance 

could be useful to indicate urban or suburban classes that exits in this range. Using this tool for 

homes, major roads, and school could be practical to indicate the influence of these land use 

patterns within the study region (Southworth et al. 2002), in order to improve the classification 

accuracy.   

Rule-based classifier 

The study employed GIS and data mining software to generate classification rules that will 

be used for knowledge based classification. ArcMap and COMPUMINE’s Rule Discovery 

Systems (RDS) were used to create sets of rules to classify each land use and land cover class 

based on Boolean logic (if/then). All spectral and non-spectral data layers that were created in 

ERDAS Imagine and ArcGIS were imported into ArcMap software. Training samples for each 

land use and land cover class were also imported into ArcMap as GIS layers. The data layers, 

which included spectral and non-spectral information, were associated with training samples as 

corresponding values for all variables. To do so, the extraction tool in ArcMap Spatial analyst 

tool box was used to parse out each training sample with their associated values from all data 

layers. Figure 2-7 shows a sample of the extracted training samples with their values. This table 

was imported into COMPUMINEN’s software to determine the appropriate model that will be 

used to create a set of rules for rule-based classification. 
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  COMPUMINEN’s Rule Discovery System (RDS) is a data-mining software that 

classifies information based on RDS criteria. This software is employed to create a tree model 

that will be used in rule creation. Using the n-fold cross validation method, ten tree models were 

generated for all spectral and non-spectral data layers. Each model built a set of rules from a 

number of variables and each model of these ten tree models has an assigned accuracy. This 

process was performed many times in order to obtain the highest degree of accuracy. Figure 2-8 

shows the process of creating models that have acceptable accuracy in COMPUMINEN’s 

software.  

Figure 2-9 shows ten tree models with their rules number and accuracy, based on accuracy 

one of them will be used to create the classification rules. Accuracy of model number nine was 

the highest, 81.905(%). Since improving final classification accuracy assessment is one of the 

study aims, model number nine was used to create the classification rules. This model has fifteen 

rules that were developed from a set of spectral variables; The Normalized Difference 

Vegetation Index (NDVI), Tasseled Cap Transformation (TCT), Texture Analysis (TA), and the 

low pass filter.                    

The results of model number nine were presented as tree diagrams which determined the 

rules that will be used for rule-based classification. These diagrams included nodes and branches 

for each class (Figure 2-10). Each node introduces detail about one particular class with their 

values. For example, water node indicates that any pixel = 3.5 in the tasseled cap (band 1), ≠ 2 in 

the supervised images, <= 9.2566665 in the texture (band 1), and <= 43.5 in the low pass (band 

3) will classify as water. Translating model node and branch into rules, which will be 

transformed to language for ERDAS Imagine, was performed for all modes and branches. Table 

2-2 shows fifteen rules that will be used in the decision based classification.       
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 Multiple rules were created for different land use land cover classes from the optimal tree 

model. These rules were transferred to the Knowledge engineering classification tool in ERDAS 

Imagine processing software. Transferring rules to the Knowledge engineering classification tool 

is an essential step to translate final rules into hypotheses with their value to classify all images. 

Figure 2-11 shows a set of logical statements that were used to transfer the fifteen rules to 

Knowledge Engineering Classification tool as hypotheses. After transferring all rules to ERDAS 

Imagine format the rule-based classification was performed on all images. 

Change Detection Analysis 

Change detection techniques have been used widely in land use and land cover changes 

research. Change detection analysis is a procedure of detecting changes that occur in particular 

areas during a period of time. In order to determine the changes in land use and land cover that 

occurred in Alachua County from 1993 to 2003, change trajectories were created. This technique 

requires the acquisition of remotely sensed images for the same area over two or more time 

periods (Southworth et al 2002). In this study three images were classified by performing 

decision based classification, and then incorporated into a change analysis. Based on these three 

images, change trajectory was implemented to indicate changes occurring across each image 

date, by incorporating these changes into a single change image. With three images and five land 

use and land cover classes, 125 possible change trajectories classes are feasible, and 

interpretation can get confusing (Southworth et al 2002).  

These all trajectories were not realistically occurring in the study area, so expert opinion 

was also used to find the likely and acceptable options. Since the population growth and the 

cities expansion in Alachua County increased last ten years, the land cover conversion is 

generally taking a shape of land transformation from vegetation toward urban and suburban 

areas. The 125 possible change trajectories were grouped to minimize confusion because 
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showing all trajectories visually is very difficult especially many of them are spatially limited 

and meaningless. For example, urban does not convert to water in area that demands more 

urbanization area. To eliminate such confusion some of change trajectories grouped to highlights 

the dominant and meaningful conversion. 

Results 

Accuracy Assessment  

Accuracy assessment is considered one of most important elements of the classification 

process because without it the classification would be worthless. The Kappa coefficient 

assessment method was performed for all images. This method is defined by Lu et al (2005) as a 

calculation of overall statistical agreement of a matrix. Aerial photos were take on December 

1994 were used to maximize the number of point for the accuracy assessment in order to 

distribute the training samples trough the study area within ten years period. Training samples 

collected from fieldwork and aerial photo interpretation were randomly divided into two sets. 

The first set contained 70% of total training samples, which were used to create the initial 

classifications. The other set contained 30% of total training samples, which were held back and 

then used for accuracy assessment and validation.  

The initial, traditional supervised classification which was performed for the study area, 

resulted in unacceptable accuracy levels (Table 2-3 and Figure 2-13) and so knowledge based 

classification was used to attempt to improve upon these initial, inferior results. Performing 

knowledge based classification increased the accuracy average from 50% to 80 % (Tables 2-4, 2-

5, and 2-6). The accuracy assessment measures that were used in this study included overall 

accuracy, user’s accuracy, producer’s accuracy, and the KAPPA statistic. 

In the 2003 image the overall Kappa statistic was 0.7898 and overall classification 

accuracy was 85.18%, which means the overall accuracy improved by 35%. In the 1998 image 
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the overall Kappa statistic was 0.8735 and overall classification accuracy was 90.47%, which 

means the overall accuracy improved by 40%. In the 1993 image the overall Kappa statistic was 

0.6903 and overall classification accuracy was 76.12%, which means the overall accuracy 

improved by 25%. The study established that knowledge based classification improved the 

accuracy of the classification significantly. 

Change Trajectories 

Since indicating the expansion of urban and suburban areas was one of main goals of the 

study, pasture and forest were combined to vegetation. This produced a classification with four 

land use and land cover classes; water, vegetation, urban, and suburban. In change trajectories 

detection for four land use land cover classes (1993-1998-2003), 64 possible trajectories may 

take place as land use and land cover changes. This study used change trajectories detection to 

identify land use and land cover changes that transformed from one to another type. In order to 

minimize trajectories for the study area, only changes that present more than one percent of the 

study area will be discussed (Table 2-7, Figures 2-14 and 2-15). Water land cover was 

experienced some potential changes due to the increase of the monthly precipitation in 1998 and 

decrease in 2003. These changes in water land cover were less than one percent of the study area, 

as a result, these changes will not be discussed. 

Change trajectory tables indicate 38.27% of the study area occupied by vegetation area 

(Veg-Veg-Veg) across the three time periods (1993-1998 -2003). While, suburban area (Sub-

Sub-Sub) that remains without changes since 1993 to 2003 occupied 23.53% of the study area, 

urban area occupied just 1.19% within same periods of time. According to table 7, 6.06% of the 

study area was covered by water class (Water-Water-Water) from 1993 to 2003 (Figures 2-16).  

In 1998, 2.29% of the total area was transformed from vegetation (Veg-Veg-Urban) to 

urban area. The trajectory determined that 1.89% of the total area was transformed from 
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vegetation (Veg-Sub-Sub) to suburban in 1993. Meanwhile, 1.69% of the total area transformed 

from urban (Urban-Urban-Sub) to suburban in 1998, 4.77% of the total area transformed from 

suburban (Sub-Sub-Urban) to urban area in 1998. 1.05% of the study area occupied by 

vegetation area was transformed to suburban area in 1998 (Veg-Sub-Veg) then went back to 

vegetation in 2003. These changes in land use and land cover in Alachua County (Figure 2-17) 

indicates the area of land use and land cover changes across the study area from 1993 to 2003. 

 Even though knowledge based classification improved the accuracy assessment in all 

images, 17.51% of the total area transformed from vegetation to suburban in 2003 (Veg-Veg-

Sub) and 1.05% from suburban to vegetation (Veg-Sub-Veg) in 1998, which lead to 

misclassification between vegetation and suburban. While there was surely an increase in this 

suburban class related to the process of development, 17% seems excessive. Han (2002) 

demonstrated in his research “an examination of historic land use changes in Alachua County, 

Florida: a technological approach” that there are decrease in overall residential and increase in 

government property from 1992 to 2003, so from these results the high amount of  vegetation 

converted for suburban are not acceptable for the study area. In addition, the confusion between 

these classes relates to the fact that many suburban developments in Gainesville, do indeed have 

a large amount of vegetative cover (Figure 2-18), so the spectral signatures of these classes are 

quite close. A vegetated area with some bare soil, may be very similar to heavily vegetated 

suburban area with some built structures (built and soil are both low NDVI and greenness, high 

in reflectance and brightness, and so similar in these respects). To eliminate this potential 

misclassification a third classification was undertaken, a supervised classification with only; 

water, vegetation, and built as classes. Built includes urban and suburban structures (buildings, 

roads, and paving), which are not mixed with vegetation, so this can be distinguished from this 
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confusion class of suburban here in Gainesville that is we break out a suburban class into built 

verses vegetated, when possible . Note that this problem is not just particular to Gainesville, but 

it is especially problematic here, due to the almost complete canopy closure in many older 

residential neighborhoods making them appear as forest from above ( although there fully 

vegetated, full canopy suburban developments, will still appear an vegetated as the satellite 

“sees” the trees).  

New supervised classifications were performed on all images for these new classes; water, 

vegetation, and built areas. Water as land cover, consists of an area that is inundated by water 

such as rivers, lakes, and wetland.  Vegetation is area containing different species of trees and 

bushes with ≥ 25% canopy closure. Built up class includes urban and suburban types, which are 

not mixed with vegetation. Accuracy assessment was performed for the new supervised 

classification images (Table 2-8, 2-9, and 2-10). Overall Classification Accuracy was 98.24% 

and Overall Kappa Statistics was 0.9689 in 1993 image. In 1998 the Overall Classification 

Accuracy was 98.57%, while Overall Kappa Statistics was 0.972. Table 2-10 shows that Overall 

Classification Accuracy was 98.24% and Overall Kappa Statistics was 0.9689 in 2003 image.          

Change trajectories were created for the new simplified supervised classification images. 

Since these supervised classification images (1993-1998-2003) are for three land cover only 27 

change trajectories are possible as land use and land cover changes. In order to minimize 

trajectories for the study area, only changes that present more than one percent of the study area 

will be discussed (Table 2-11 and Figure 2-19). The change trajectory indicates 83.64% of the 

study area occupied by vegetation area (Veg-Veg-Veg) across the three time periods (1993-

1998-2003), although we know this includes many suburban areas now classified under this 

option and with > 25% canopy closure. This is unavoidable however due to their appearing as 
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forest from above. A GIS layer of suburban developments would really be the only option to 

truly differentiate there areas as this research has clearly shown they are not differentiable 

spectrally, and this is important in highlighting the need for adaptable land use and land cover 

classes, as illustrated in this research . From 1993 to 2003 built up area (Built-Built-Built) is 

occupied 1.95% of the total study area. According to table 11, 5.54% of the study is area covered 

by water class (Water-Water-Water) from 1993 to 2003. In 1998, 4.97% of the total area was 

transformed from vegetation (Veg-Veg-Built) to urban area. The trajectory determined that 

1.07% of the total area was transformed from vegetation (Veg-Built-Built) to built between 1993 

and 1998.  

This new classification gives a much better accounting of the changes in built and urban 

areas, but we can no longer differentiate between vegetation and most of the suburban classes 

due to the canopy closure issues. In this research multiple methods were utilized in order to 

understand the dominate changes in land use and land cover. A single method did not suffice. 

This has obvious implications for this region, and multiple methods must be used to fully 

evaluate the changes in land cover and land use here in Alachua County, as well as in many other 

suburban regions across the U.S. 

Discussion 

Summary of Finding  

The objectives of this study were to detect changes in land use and land cover in Alachua 

County from 1993 to 2003 and to find the best classification method for the study area. Different 

classification methods were used (supervised and knowledge based classification) to determine 

changes in land use and land cover that occurred in the study area. The results of these two 

classification proved that Alachua County is facing land transformation in terms of cover. This 

transformation tends to relate to the increase of population across the study area and particularly 
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in Gainesville city limits which is the most populated area in the county. Gainesville experienced 

major population growth in Alachua County due to the expansion of the University of Florida, 

Shands and the popularity of Florida as a location.  

The results of the classifications indicate that 4.97% of the total area transformed from 

vegetation to built areas by 2003. Moreover, 1.07% of the total area transformed from vegetation 

land cover to built area by 1998. This transformation is mostly located in the central and western 

portions of Alachua County, which supports trend of population growth requiring more 

urbanization. Such changes in land use and land cover relate to the population increase, which 

stimulates land owners to transform vegetation areas to built areas often via suburban 

developments. In Gainesville, much of this expansion has occurred in the west of the region as 

Gainesville has expanded out a long Archer Rd, Newberry Rd, and 39th street. Much of the new 

developments include cleaning of previously vegetated land and the building of suburban 

developments. These new non-vegetated development may will change when homeowners plant 

trees and eventually such neighborhoods may be similar to the older suburban developments in 

Gainesville, which appear from above as forest.   

Implication of Study 

Determining land use and land cover change in Alachua County from 1993 to 2003 for 

four classes; water, vegetation, urban, and suburban, was the main objective of this study. As a 

result, two different classification methods were used to determine optimum results for the study 

area. Supervised classification was the first method that was performed for the study area 

remotely sensed images. The results of this method were not accurate enough for remote sensing 

research. In order to increase the accuracy of the classification, knowledge based classification 

was performed for all images. The results of the classification were accurate when compared 

with supervised classification outputs. Even though, knowledge based classification improved 
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the accuracy assessment in all images, 17.51% of the total area transformed from vegetation to 

suburban in 2003, which led to misclassification between vegetation and suburban. While there 

was surely an increase in this suburban class related to the process of development, 17% seems 

excessive. This results led to the fact that suburban class is hard to differentiate from vegetation 

class in area like Alachua County because the confusion between these classes relates to the fact 

that many suburban developments, do indeed have a large amount of vegetative cover. Even 

using advanced RS classification techniques suburban would not be fully distinguished, so an 

additional classification of water, built, vegetation was created to give better understanding of 

overall change trends and to remove the suburban class, which proved to be combination of built 

(urban) and vegetation, so created problems of spectral seperbility  across these classes ( urban, 

suburban, vegetation). Hence, in order to fully understand this region a simplified classification 

of land use land cover classes (built, vegetation, and water) had to be created with more detailed 

land cover classification scheme obtained via decision tree classifiers. Only when we used both 

classification results together could we fully comprehend and interpret the changes in land use 

and land cover classes in Alachua County.  

Changes in land cover in Alachua County may relate to the county government policies. 

The city of Gainesville government properties such as services building increased especially in 

the downtown area in order to provide more public services (Hang, 2002). The government 

policies demand more urbanization areas which results more changes in land use and land cover 

areas. Transportation played a role in the trends of land use and land cover in the study area. 

Zhou and Kockelman (2006) in their study of neighborhood impacts on land use change in the 

City of Austin, Texas, found that the use of different models proved that there was a relation 

between land use changes and the distance to the nearest highway. In Alachua County the 
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commercial property uses increased in the western part and it extended along US 441. US 441 

magnetized commercial activities which makes it act now as a commercial corridor (Hang, 

2002).       

Supervised classification techniques have been widely used in remote sensing research to 

determine changes in land cover classes. This traditional technique would be a powerful 

classification technique for classes that have unique spectral signatures, in other words, for 

classes that could be easily discriminated, e.g., water from urban. Some scholars have 

incorporate supervised classification with different analysis techniques to study land use and land 

cover change. Southworth (2004) used supervised classification in the Yucatan, Mexico, to 

successfully differentiate forest growth based on the earth’s surface temperature, from Landsat 

band 6 data. In areas like Alachua County, it is hard to differentiate between suburban and 

vegetation due to the similarity of both spectral signatures, which makes using supervised 

classification to study three classes reasonable. Due to the difficulties of classifying suburban 

and urban areas, several researchers have created new techniques to eliminate the 

misclassification of mixed pixels in remotely sensed images. Zhang and Foody (1998) used a 

fuzzy classification approach to evaluate the classification for suburban land cover, in the city of 

Edinburgh, UK. They used two remotely sensed images (Landsat TM and SPOT HRV) for an 

area of 2 km2, located within the city of Edinburgh. The study area contained suburban structures 

such as residential and commercial and it’s rich with geographical diversity and appropriate for 

fuzzy classification. They found that the Kappa coefficient (an indication of classification 

accuracy) more than doubled when they applied the fuzzy technique (i.e., this allows a pixels to 

belong to more than one classification, so suburban can be a member of both built and vegetated 

classes). Lu and Weng (2006) in their study of impervious surface in urban land-use 
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classification in Indianapolis/Marion County, Indiana, USA, used land surface temperature data 

from Landsat ETM+ and population density to improve the classification of five urban land use 

classes. They extracted land surface temperature to get better impervious surface mapping, then 

combined this information with population density to improve the classification of their land use 

classes (Lu and wand, 2006). The study found that the integration of surface temperature 

provided substantially improved impervious surface coverages, which was reflected in the 

classification accuracy results. Mesev (1998) in a study of census data in urban image 

classification, in the United Kingdom used population sensed data for supervised classification 

(linking of urban class from remotely sensed data with urban functional characteristics from 

population sensed) in order to improve the classification accuracy of urban classification. While, 

Pellizzeri (2002) used Landsat TM and RADARSAT images to decrease the misclassification for 

suburban area in their study in Northern Italy. Gluch (2002) merged TM and SPOT-P data to 

monitor urban growth of Salt Lake City in Utah. Other classification methods have implemented 

in many researches to eliminate the misclassification in urban and suburban areas. This validates 

the combined methodologies used in this analysis as appropriate, over traditional classification 

techniques, which many researchers have found equally problematic based on the surface types 

found in urban and suburban regions (Gluch 2002, Lu and wand 2006, Mesev 1998, Pellizzeri 

2002, Southworth 2004, Zhang and Foody, 1998).                

Knowledge based classification techniques have been used recently to determine land use 

and land cover changes especially for urban regions (Chien and Chou 2000, Haild 1997, Onsi 

2003). This technique classifies remotely sensed data based on spectral and non-spectral 

information. Some land cover classes have similar spectral signatures; this technique could 

differentiate these classes from each other. Comparing knowledge based classification with 
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traditional classification techniques, knowledge based techniques have given better results than 

other techniques. Daniels (2006) has proven that knowledge based techniques improved the 

accuracy of classification for tropical land covers relating to the results of supervised 

classification. Moreover, knowledge based techniques implemented in several studies have 

addressed specifically changes that have occurred in urban areas (Chien and Chou, 2000). 

Janssen (1992) used knowledge based classification techniques to improve crop classification 

accuracy. This technique was also used to optimize the C-factor mapping in Spain by Folly et al, 

(1996). Haild (1997) use knowledge based approaches to link local knowledge, field data and the 

spectral land cover classes to indicate changes in urban land use classes.   

Knowledge based classification techniques performed in this study greatly improved the 

classification accuracy. Spectral and non-spectral data were imported into a data-mining software 

in order to assign the best rules for knowledge based classification. Based on the output model of 

this software fourteen spectral rules were used for knowledge based classification. The accuracy 

assessments of the knowledge based classification were acceptable for remote sensing research; 

however, it didn’t eliminate the confusion between suburban and vegetation. As a result, 

knowledge based classification techniques could not solve the spectral confusions between land 

use and land cover classes. This study demonstrates that the spectral signature of a ‘suburban 

class’ (a combination of roads, building and vegetation) in Alachua County and elsewhere, is too 

close to the vegetation and urban class signatures (it is in fact a merged class of these two 

components), even when using advanced knowledge based classification techniques. For future 

research more fieldwork to gather explicit GIS layers of suburban boundaries would help clarify 

the classification process and would help differentiate suburban from vegetation and urban. 

Using finer spatial resolution satellite images would also be helpful for better classification, as 
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this would break down the pixels from mixed covers, to individual components, e.g. Quickbird, 

0.4 m spatial resolution panchromatic data, although this is very expensive. 

In summary, this study found that 4.97 % of total area of Alachua County converted from 

vegetation to built area in 2003. These changes in land use and land cover have taken place 

mostly in central and western portion of Alachua County. In 1998 1.07 % of the total area 

converted from vegetation to built area. Generally, the changes located in the central and western 

part of the study area. Gainesville which is the largest city in Alachua County has the most 

changes that occurred in the county. Newberry, which is located in the west of Gainesville, is the 

second city that has changes after Gainesville. Changes in these cities are reflecting the increase 

in population and the expansion of University of Florida in Gainesville. Transportation affects 

the land cover conversion especially around US 441 highway. 

These results could be used by the county planner as reference for future estimation. 

However suburban misclassification could be controlled by developing expertise and 

methodologies in order to monitor changes in suburban area in Alachua County. Knowledge 

based classification have been proven in several research studies (Chien and Chou 2000, Daniels 

2006, Janssen 1992, Haild 1997, Onsi 2003 ) as an advanced technique for land use and land 

cover changes, although it was not fully successful in this study, which reveals that no single 

method is appropriate for all cover types. This study demonstrated changes in land use and land 

cover in Alachua County and these changes have to be monitored for better planning. Suburban 

area in Alachua County, like elsewhere, needs advanced analysis techniques and field work in 

order to eliminate the misclassification between suburban and vegetation areas. 

Conclusion 

In conclusion, this research found that most of the changes in land use and land cover in 

Alachua County have taking a place in western and central portions of the County. Land use and 



 

41 

land cover change in Alachua County have taken two major trends, from vegetation to built 

structures area and from built to vegetation area. In 1998, 1.07 % of the total area have 

transformed from vegetation to built structures area. In 2003, the number of the total area that 

have transformed from vegetation to built area was 4.97 %. In 1998, 2.23 % of the total area 

transformed from built structures area to vegetation. Most of these changes in land use and land 

cover occurred in the city of Gainesville area and in the western portion of Alachua County.  

A traditional classification (supervised classification) and an advanced classification 

(Knowledge based classification) methods were used in this research in order to determine 

changes in land use and land cover in Alachua County. The study area likewise other areas that 

have a large amount of vegetation cover in suburban development, which is causing enormous 

confusion between suburban and vegetation. As a result, Knowledge based classification method 

could not solve the spectral confusions between land use and land cover classes (suburban and 

vegetation), even though the accuracy assessments of the knowledge based classification were 

acceptable for remote sensing research. Better methods need to be developed to monitor 

suburban developments over time in Alachua County such as using GIS layers for suburban 

developments could help to improve the ability of differentiating suburban from vegetation.  
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Table 2-1. Land use and land cover descriptions for classification scheme. 
Name Class Type Description 
Water 
 

Land cover Lands inundated with water such as lakes, rivers, and 
wetland. 

 
Forest 

 
Land cover 

 
Lands cover with different species of trees and bushes 
with ≥ 25% canopy closure.  

 
Pasture 

 
Land use 

 
Pasture composed of agricultural land, pasture, 
grassland, and others. 

 
Urban 

 
Land use 

 
Urban composed of 70-100% built materials such as 
airport and shopping mall. 

 
Suburban  

 
Land use 

 
Suburban composed of 40-70% built materials which 
are mixed with vegetation such as Residential area.  
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Table 2-2. Final decision based rules used in the final classification procedure. 
Class type Rule criteria Values Description 
Water  
 
     Rule.1 

Tasseled Cap 3 
Supervised 
Texture 1 
Low Pass 3 

= 3.5 
≠ 2 
<= 9.2566665 
<= 43.5 

Classify as Water all water pixels that = 3.5 in the tasseled cap (band 1), ≠ 2 in 
the supervised images, <= 9.2566665 in the texture (band 1), and <= 43.5 in the 
low pass (band 3). 

Forest  
 
    Rule.2.A 
 

Band 6 
Supervised 
Texture 1 
 

<= 107.5 
= 2 
<= 9.2566665 

Classify as Forest all forest pixels that <= 107.5 in the thermal band, = 2 in the 
supervised images, and <= 9.2566665 in the texture (band 1).    

 
    Rule.2.B 

Band 6 
Band 6 
Supervised 
Texture 1 
 

> 107.5 
<= 108.5 
= 2 
<= 9.2566665 

Classify as Forest all forest pixels that > 107.5 <= 108.5 in the thermal band, = 
2 in the supervised images, and <= 9.2566665 in the texture (band 1). 

 
    Rule.2.C 

Band 6 
Supervised 
Texture 1 
 

> 108.5 
= 2 
<= 9.2566665   

Classify as Forest all forest pixels that >108.5 in the thermal band, = 2 in the 
supervised images, and <= 9.2566665 in the texture (band 1). 

 
    Rule.2.D 

Tasseled Cap1 
Texture 1 
Low Pass 4 

<= 114.5 
> 9.2566665 
<= 17.5 

Classify as Forest all forest pixels that <= 114.5 in the tasseled cap (band 1), 
and > 9.2566665 in the texture (band 1), and <=17.5 in the low pass (band 4). 

Pasture  
 
   Rule.3.A 

Supervised  
Texture 1 
Low pass 3 

≠ 2 
<= 9.2566665 
> 43.5   

Classify as Pasture all pasture pixels that ≠ 2 in the supervised images, <= 
9.2566665 in the texture (band 1), and > 43.5 in the low pass (band 3). 

 
 
   Rule.3.B 

Tasseled Cap1 
Supervised  
Texture 1 
Low pass 3 
 

> 114.5 
≠ 4 
> 9.2566665 
> 50 

Classify as Pasture all pasture pixels that >114.5 in the tasseled cap (band 1), ≠ 
4 in the supervised images, > 9.2566665 in the texture (band 1), and > 50 in the 
low pass (band 3). 



 

 

44

Table 2-2 Continued. 
Class type Rule criteria Values Description 
 
   Rule.3.C 

Tasseled Cap3 
Supervised  
Texture 1 
Low pass 3 

<= 3.5 
≠ 2 
<= 9.2566665 
<= 43.5 

Classify as Pasture all forest pixels that <= 3.5 in the tasseled cap (band 3), ≠ 2 
in the supervised images, <= 9.2566665 in the texture (band 1), and > 43.5 in 
the low pass (band 3). 

Urban 
 
   Rule.4.A 

Tasseled Cap1 
Supervised 
NDVI 
Texture 1 

 114.5 
= 4 
<= 0.1286489 
> 9.2566665 

Classify as Urban all urban pixels that >114.5 in the tasseled cap (band 1), = 4 
in the supervised images, <= 0.1286489 in the NDVI image, and > 9.2566665 
in the texture (band 1). 

 
  Rule. 4.B 

Tasseled Cap1 
Supervised  
NDVI 
Texture 1 
 

> 136 
= 4 
> 0.1286489 
> 9.2566665 

Classify as Urban all urban pixels that >136 in the tasseled cap (band 1), = 4 in 
the supervised images, > 0.1286489 in the NDVI image, and > 9.2566665 in the 
texture (band 1). 

  Rule .4.C Tasseled Cap1 
Tasseled Cap1 
Supervised 
NDVI 
Texture 1 

 114.5 
< 136 
= 4 
> 0.1286489 
> 9.2566665 

Classify as Urban all urban pixels that >145 in the tasseled cap (band 1), <136 
in the tasseled cap (band 1), = 4 in the supervised images, > 0.1286489 in the 
NDVI image, and > 9.2566665 in the texture (band 1). 

Suburban 
 
   Rule.5.A 

Tasseled Cap2 
Tasseled Cap1 
NDVI 
Texture 1 
Low pass 4 

 -24 
<= 114.5 
<= 0.3839777 
< 9.2566665 
> 17.5 

Classify as Suburban, all suburban mixed with vegetation pixels that >-24 in the 
tasseled cap (band 2), < =114.5 in the tasseled cap (band 1), <= 0.3839777 in 
the NDVI image, < 9.2566665 in the texture (band 1), and > 17.5in the low pass 
(band 4). 
 

 
   Rule.5.B 

Tasseled Cap2 
Tasseled Cap1 
Texture 1 
Low pass 4 

<= -24 
<= 114.5 
> 9.2566665 
> 17.5 

Classify as Suburban, all suburban mixed with vegetation pixels that <= -24 in 
the tasseled cap (band 2), < =114.5 in the tasseled cap (band 1), > 9.2566665 in 
the texture (band 1), and > 17.5in the low pass (band 4).  
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Table 2-2 Continued. 
Class type Rule criteria Values Description 
 
   Rule.5.C 

Tasseled Cap1 
Supervised 
Texture 1 
Low pass 3 

> 114.5 
≠ 4 
> 9.2566665 
<= 50 

Classify as Suburban, all suburban mixed with vegetation pixels that > 114.5 in 
the tasseled cap (band 1), ≠ 4 in the supervised images, > 9.2566665 in the 
texture (band 1), and <= 50 in the low pass (band 3). 
 

 
   Rule.5.D 

Tasseled Cap2 
Tasseled Cap1 
NDVI 
Texture 1 
Low pass 4 

> -24 
<= 114.5 
> 0.3839777 
> 9.2566665 
> 17.5 

Classify as Sub-urban, all suburban mixed with vegetation pixels that >-24 in 
the tasseled cap (band 2), < =114.5 in the tasseled cap (band 1), > 0.3839777 in 
the NDVI image, > 9.2566665 in the texture (band 1), and > 17.5in the low pass 
(band 4). 
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Table 2-3. Supervised classification 1998 accuracy assessment; overall accuracy, user’s 
accuracy, producer’s accuracy, and KAPPA statistic. Ref. = Reference, Suburb= 
Suburban Pro.acc = Producers accuracy, Clas.Tot = Classified total, and Users.Acc= 
Users accuracy.         

Supervised classification 1998   
1998 Water Forest Pasture Urban Suburban Clas.Tot Users.Acc 
Water 24 0 0 0 0 24 1.00 
Forest 1 113 1 14 32 161 0.70 
Pasture 1 2 29 6 18 56 0.518 
Urban 0 1 0 1 4 6 0.167 
Suburb 0 2 28 76 62 168 0.369 

Ref.total. 27 120 60 101 143 451  
Pro.acc 0.888 0.941 0.483 0.99 0.433   

Overall Kappa Statistics =  0.3559, Overall Classification Accuracy =  50.78% 
 

 

 

 
Table 2-4. Rule-based classification 2003 accuracy assessment; overall accuracy, user’s 

accuracy, producer’s accuracy, and KAPPA statistic. Ref. = Reference, Suburb= 
Suburban Pro.acc = Producers accuracy, Clas.Tot = Classified total, and Users.Acc= 
Users accuracy. 

Rule-based classification 2003  
2003 Water Forest Pasture Urban Suburban Clas.Tot Users.Acc 
Water 17 0 0 0 0 17 1.00 
Forest 0 96 0 0 0 96 1.00 
Pasture 0 9 22 0 0 31 0.709 
Urban 0 0 1 85 14 100 0.850 
Suburb 7 11 4 21 165 208 0.793 

Ref.total. 24 116 27 106 179 452  
Pro.acc 0.701 0.828 0.815 0.802 0.921   

Overall Kappa Statistics =  0.7898, Overall Classification Accuracy =  85.18% 
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Table 2-5. Rule-based classification 1998 accuracy assessment; overall accuracy, user’s 
accuracy, producer’s accuracy, and KAPPA statistic. Ref. = Reference, Suburb= 
Suburban Pro.acc = Producers accuracy, Clas.Tot = Classified total, and Users.Acc= 
Users accuracy. 

Rule-based classification 1998  
1998 Water Forest Pasture Urban Suburban Clas.Tot Users.Acc 
Water 25 0 3 0 0 28 1.00 
Forest 1 117 0 0 3 121 0.955 
Pasture 0 3 49 0 1 53 0.754 
Urban 0 0 0 85 6 91 0.601 
Suburb 1 0 8 16 132 157 0.836 

Ref.total. 27 120 60 101 143 451  
Pro.acc 0.926 0.975 0.817 0.842 0.923   

Overall Kappa Statistics =  0.8735, Overall Classification Accuracy =  90.47% 
 

 

 

Table 2-6. Rule-based classification 1998 accuracy assessment; overall accuracy, user’s 
accuracy, producer’s accuracy, and KAPPA statistic. Ref. = Reference, Suburb= 
Suburban Pro.acc = Producers accuracy, Clas.Tot = Classified total, and Users.Acc= 
Users accuracy. 

Rule-based classification 1993  
1993 Water Forest Pasture Urban Suburban Clas.Tot Users.Acc 
Water 22 0 0 0 0 22 1.00 
Forest 1 84 1 0 2 88 0.955 
Pasture 0 1 46 3 11 61 0.754 
Urban 0 0 7 98 58 163 0.601 
Suburb 3 1 6 1 56 76 0.836 

Ref.total. 26 86 60 102 128 402  
Pro.acc 0.846 0.977 0.767 0.960 0.438   

Overall Kappa Statistics =  0.6903, Overall Classification Accuracy =  76.12% 
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Table 2-7. Change trajectories of land use and land cover classes of interest (1993-1998-2003). 
Sub= suburban and Veg= vegetation. 

Class type 
Number of 

classified pixels 
Percentage 

of area 
Area in square 

meters   
Water-Water-Water 156698    6.06  141028200 
Veg-Veg-Veg 990243  38.27  891218700 
Sub-Sub-Sub 608897  23.53  548007300 
Urban-Urban-Urban 30705    1.19    27634500 
Veg-Veg-Urban 59253    2.29    53327700 
Veg-Veg-Sub 453099  17.51  407789100 
Veg-Sub-Veg 27208    1.05    24487200 
Veg-Sub-Sub 48850    1.89    43965000 
Urban-Urban-Sub 43647    1.69    39282300 
Sub-Sub-Urban 123541    4.77  111186900 
Total 2587296  100  2328566400 

 
 
 
 
 
 
 
 
 
 
Table 2-8. Supervised classification 1993 accuracy assessment; overall accuracy, user’s 

accuracy, producer’s accuracy, and KAPPA statistic. Ref. = Reference, Suburb= 
Suburban, Pro.acc = Producers accuracy, Clas.Tot = Classified total, and Users.Acc= 
Users accuracy. 

Supervised classification 1993 
1993 Water Vegetation Built up Clas.Tot Users.Acc 
Water 30 1   0 31 0.967 

Vegetation  0 186   6 193 0.969 
Built up  0 0 174 174 1.00 

Ref. total. 30 187 180 390  
Pro.acc 1.00  0.995   0.967   

Overall Kappa Statistics =  0.9689, Overall Classification Accuracy =  98.24% 
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Table 2-9. Supervised classification 1998 accuracy assessment; overall accuracy, user’s 
accuracy, producer’s accuracy, and KAPPA statistic. Ref. = Reference, Suburb= 
Suburban Pro.acc = Producers accuracy, Clas.Tot = Classified total, and Users.Acc= 
Users accuracy. 

Supervised classification 1998   
1998 Water Vegetation Built up Clas.Tot Users.Acc 
Water 33 1 0 34 0.971 

Vegetation 0 212 2 214 0.991 
Built up 0 2 99 101 0.980 

Ref. total. 33 215 101 349  
Pro.acc 1.00 0.986  0.980   

Overall Kappa Statistics =  0.9729, Overall Classification Accuracy =  
98.57% 

 
 
Table 2-10. Supervised classification 2003 accuracy assessment; overall accuracy, user’s 

accuracy, producer’s accuracy, and KAPPA statistic. Ref. = Reference, Suburb= 
Suburban Pro.acc = Producers accuracy, Clas.Tot = Classified total, and Users.Acc= 
Users accuracy. 

Supervised classification 2003  
2003 Water Vegetation Built up Clas.Tot Users.Acc 
Water 30   1   0 31 0.968 

Vegetation   0 186   6 192 0.969 
Built up   0   0 174 174 1.00 

Ref. total. 30 187 174 397  
Pro.acc   1.00 0. 995  0. 967   

Overall Kappa Statistics =  0.9689, Overall Classification Accuracy =  98.24%
 
 
Table 2-11. Change trajectories of land use and land cover classes of interest for supervised 

classification images (1993-1998-2003). Built= Built up and Veg= vegetation 

Class type 
Number of classified 

pixels 
Percentage of 

area 
Area in square 

meters 
Water-WaterWater 150092   5.54   135082800 

Veg-Veg-Veg           2267954 83.64 2041158600 
Built-Built-Built   52990   1.95     47691000 
Veg-Veg-Built 134703   4.97   121232700 
Veg-Built-Built   29009   1.07     26108100 
Built-Veg-Veg   60528   2.23     54475200 
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Figure 2-1. Map of study area. 
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Figure 2-2. Gainesville monthly rainfall from February 1992 to March 1993. 

 

 

Figure 2-3. Gainesville monthly rainfall from January 1997 to February 1998. 
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Figure 2-4. Gainesville monthly rainfall from February 2002 to March 2003. 
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Figure 2-5. Aerial photos and training samples in central part of study area. 
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Figure 2-6. Spectral and non-spectral data set analysis layers that created for rule-based 

classification, with DEM= Digital Elevation Model; Dist= distance; NDVI= 
Normalized Difference Vegetation Index. 

 
 
 

 
 
Figure 2-7. Sample set of forest extracted training samples with their associated values from all 

data layers.
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Figure 2-8. Process of creating models that have acceptable accuracy in COMPUMINEN’s software, with DEM = Digital Elevation 

Model; Dist = distance; NDVI= Normalized Difference Vegetation Index.
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Correct class Predicted class 
Method Number of rules Accuracy Total AUC Precision Recall AUC 1 2 3 4 5 
Tree fold 

1 
11 73.585 0.913 1 0.500 0.143 0.913 1 0 6 0 0 

2 0.857 0.643 0.935 1 18 8 0 1 
3 0.412 1.000 0.958 0 0 14 0 0 
4 0.885 1.000 0.979 0 0 0 23 0 
5 0.957 0.647 0.833 0 3 6 3 22 

Tree fold 
2 

14 73.585 0.922 1 1.000 0.429 0.899 3 0 4 0 0 
2 0.952 0.714 0.946 0 20 8 0 0 
3 0.343 0.857 0.858 0 0 12 0 2 
4 1.000 0.913 0.987 0 0 0 21 2 
5 0.846 0.647 0.890 0 1 11 0 22 

Tree fold 
3 

14 70.755 0.910 1 1.000 0.571 0.935 4 3 0 0 0 
2 0.500 0.964 0.937 0 27 0 0 1 
3 1.000 0.143 0.842 0 11 2 0 1 
4 0.950 0.826 0.921 0 3 0 19 1 
5 0.885 0.676 0.902 0 10 0 1 23 

Tree fold 
4 

11 77.358 0.927 1 1.000 0.429 0.939 3 0 4 0 0 
2 1.000 0.714 0.965 0 20 8 0 0 
3 0.467 1.000 0.944 0 0 14 0 0 
4 0.759 0.957 0.973 0 0 0 22 1 
5 0.958 0.676 0.854 0 0 4 7 23 

Tree fold 
5 

15 71.429 0.916 1 1.000 0.167 0.861 1 0 5 0 0 
2 0.792 0.655 0.919 0 19 9 0 1 
3 0.371 1.000 0.908 0 0 13 0 0 
4 0.958 0.958 0.963 0 0 0 23 1 
5 0.905 0.576 0.894 0 5 8 1 19 

Tree fold 
6 

15 80.952 0.953 1 1.000 0.500 0.944 3 3 0 0 0 
2 0.614 0.964 0.955 0 27 1 0 0 
3 0.857 0.429 0.943 0 8 6 0 0 
4 0.955 0.875 0.936 0 2 0 21 1 
5 0.966 0.848 0.969 0 4 0 1 28 

Tree fold 
7 

12 76.190 0.928 1 1.000 0.500 0.947 3 0 3 0 0 
2 0.895 0.607 0.901 0 17 9 0 2 
3 0.448 0.929 0.889 0 0 13 0 1 
4 0.955 0.875 0.971 0 0 0 21 3 
5 0.813 0.788 0.934 0 2 4 1 26 

Tree fold 
8 

13 78.095 0.963 1 n/a 0.000 0.914 0 0 6 0 0 
2 0.955 0.750 0.971 0 21 7 0 0 
3 0.433 0.929 0.927 0 0 13 0 1 
4 0.913 0.875 0.986 0 0 1 21 2 
5 0.900 0.818 0.965 0 1 3 2 27 

Tree fold 
9 

15 81.905 0.964 1 1.000 0.500 0.929 3 1 2 0 0 
2 0.923 0.857 0.979 0 24 4 0 0 
3 0.500 1.000 0.956 0 0 14 0 0 
4 0.913 0.875 0.964 0 0 2 21 1 
5 0.960 0.727 0.961 0 1 6 2 24 

Tree fold 
10 

13 80.000 0.960 1 1.000 0.333 0.923 2 0 3 0 1 
2 1.000 0.679 0.951 0 19 6 0 3 
3 0.500 0.929 0.949 0 0 13 1 0 
4 0.955 0.875 0.996 0 0 0 21 3 
5 0.806 0.879 0.953 0 0 4 0 29 

 
 
Figure 2-9.Tree models with their number of rules and accuracy.   

 



 

57 

 

 
 
Figure 2-10. Sample of tree model nodes and branches that used to create classification rules. 
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Figure 2-11. Set of logic statements that transferred to Knowledge engineering classification 

tool. 
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Figure 2-12. Flowchart of knowledge based classification methodology.
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Figure 2-13. First supervised classification approach of remotely sensed image for Alachua 
County, Florida in 1998. 
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Figure 2-14. Changes Trajectories chart classes of interest (1993-1998-2003). Sub= suburban 

and Veg= vegetation 
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Figure 2-15. Knoweldge based classification changes trajectories map classes of interest (1993-

1998-2003). Sub= suburban and Veg= vegetation 
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Figure 2-16. Map of stable land cover classes from 1993 to 2003. 
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Figure 2-17. Map of land use and land cover changes from 1993 to 2003. 

. 
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Figure 2-18. Sample of suburban area in Alachua County. 
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Figure 2-19. Changes Trajectories map classes of interest for supervised images (1993-1998-
2003). Veg =Vegetation and Built = Built up. 
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CHAPTER 3 
CONCLUSION 

Determining what types of land use and land cover change have occurred in Alachua 

County from 1993 to 2003 and what type of classification method produces the best results were 

the main objectives of this research. So, three different classification methods were used to detect 

the changes that occurred in the study area. These three classification methods were performed 

for four classes; water, vegetation, urban, and suburban. 

 The initial classification technique employed was a simple unsupervised classification. 

This was performed in 10, 20, and 30 classes for the study area in order to determine the 

classification scheme. Based on the number of cluster classes that revealed from the 

unsupervised classification fives land use and land cover classes created and to increase the 

classification accuracy some of these clustered classes regrouped. 

Second, a supervised classification methodology was used but this produced unacceptable 

levels of accuracy, due specifically to confusion across certain classes in the landscape. As such, 

he results of this type of classification were not acceptable for academic research because the 

accuracy was low. To increase the accuracy of the classification, knowledge based classification 

was performed for all images. This method increased the accuracy of all images, however there 

was 17.51 % of the total area transformed from vegetated area to suburban. This large area of 

land transformation indicated that there was misclassification between vegetation and suburban 

areas. This misclassification relates to the confusion between these two classes because many 

suburban developments include a large amount of vegetative cover and so spectrally the two are 

not dissimilar. Hence, a final methodology was employed in which some classes were merged to 

decrease the confusion between suburban and vegetation and this produced three major classes 

built, water, vegetation. 
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Alachua County, like other regions that have a large amount of vegetation cover within the 

suburban developments area, causes potentially significant problems of misclassification 

between suburban and vegetation classes, for many developed regions in the U.S. Even using a 

more advanced image classification technique, such as the knowledge based classifier, the 

confusion between suburban and vegetation classes was not eliminated, and ultimately a 

traditional classification for water, built, and vegetation classes only was performed on all 

images. The accuracies of this classification were acceptable greatly improved and it provides a 

better understanding of overall change trends. For future work better methods need to be 

developed to monitor suburban developments and their changes over time, such as using a GIS 

layer for suburban development in order to improve the ability of differentiating suburban from 

vegetation. Moreover, using finer spatial resolution satellite images would help in differentiating 

between suburban and vegetation.   

This research found that western and central portions of Alachua County experienced most 

of the changes in land use and land cover. The changes in land use and land cover have taken 

two major trends, from built to vegetation area and from vegetation to built structures. 1.07 % of 

the total area that have transformed from vegetation to built structures area in 1998. 4.97 % of 

the total area that have transformed from vegetation to built structures area in 2003. The total 

area that have transformed from built structures area to vegetation in 1998 was 2.23 %. The 

western portion of Alachua County and Gainesville as the largest and most populated area has 

experienced most of these changes in land use and land cover. The outputs of this research could 

be used by the county planner as reference for future estimation and to understand land use and 

land cover change trends in Alachua County.  
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