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ANALYSIS OF URBAN CHANGE DETECTION TECHNIQUES IN DESERT CITIES 

USING REMOTE SENSING 

 

By 

Ahmed Aldossary 

 

Master of Arts in Geography, GIS Program 

 

 Rapid environmental and climate change at local, regional and global scales have 

been a major concern for scientists in various disciplines, such as geography, economics, 

environment, planning, and others. Land cover and land use changes have attracted 

attention because of the potential effects on erosion, increased run-off, water-balance, 

heat islands and climatological changes. An accurate knowledge of land use and land 

cover characteristics is essential to study their effects on human life and the environment. 

Urban expansion is an important type of land use and land cover change, since it is 

associated with population growth and economy. Remote sensing data has proved to be 

significant for monitoring and detecting urban change, and for providing essential 

information for future development. Change detection is the process of identifying 

differences in a land cover by observing it at different times. Different change detection 

techniques are usually compared to present the best change detection results for a 

particular application. This paper demonstrates the use of remote sensing to study the 

urban expansion in Dubai and Las Vegas from 1984 to 2010 using Landsat images, and 



 

 x 

assesses two different change detection techniques, post-classification comparison and 

principal component analysis. Urban change can be difficult to assess in desert cities 

using remote sensing because of the lack of contrast between highly reflective urban 

surfaces and highly reflective desert landscapes. The results of an accuracy assessment 

process in this research shows that a post-classification comparison technique provides 

more accurate results for quantifying urban sprawl in Dubai and Las Vegas than principal 

component techniques. Post-classification comparison techniques delivered more 

accurate results that ranged from 87.88% to 94.74%, while principal component analysis 

provided results with accuracies that varied from 46.94% to 83.92%. The reason for these 

variations in accuracy was the utilization of the unsupervised classification process on 

PCA multi-temporal images versus the supervised classification process. 

 

 

 

Key words: change detection, urban expansion, remote sensing, post-classification 

comparison, principal component analysis, desert cities, Landsat 
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1. Introduction 

 Rapid environmental and climatic changes at local, regional and global scales 

have been a major concern for scientists in various disciplines, such as geography, 

economics, environmental studies, and planning. Many environmental studies have 

increasingly been conducted over the past two decades, which indicate that these 

environmental changes have been driven by human activities, rather than natural forces 

(Houghton et al. 2001, Xiao and Weng 2007). Land cover and land use change have 

attracted attention because of the potential effects on erosion, increased run-off, and 

climatological changes (Myers 1988). An accurate knowledge of land use and land cover 

characteristics is essential to study their effects on human life (Dai and Khorram, 1998) 

and hence many scientists and planners seek information on the location, distribution, 

type and magnitude of land use and land cover change (Stow, 1999). Urban expansion is 

the main type of land use and land cover change in human history, since it is associated 

with growth of populations and their economies (Mather 1986). More importantly, it has 

major impacts on ecosystems, such as degradation of air and water quality. It also has 

socioeconomic effects, causing economic disparities, social fragmentation, and increased 

infrastructure costs (Squires 2002). 

 Remote sensing data has proved to be significant for monitoring and detecting 

urban change, and to provide essential information for future development. In the past, 

scientists and planners relied on manual interpretation of aerial photographs to produce 

land use maps (Ford 1979, Lindegrn 1985). However, it is now possible to produce land 

use maps in a more timely, cheaper and more accurate manner with the development of 
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remote sensing technology and the availability of recent high-resolution digital imagery 

(Barnsley et al. 1993). Change detection is the process of identifying differences in land 

cover by observing it at different times (Singh, 1989). Different change detection 

techniques are usually compared to present the best change detection results for a 

particular application (Lu et al., 2004). Jensen (1996) argued that selecting a change 

detection technique would affect the type of image classification to be implemented, and 

dictate whether useful ‘from-to’ information could be extracted from the process. 

 The most commonly used change detection techniques are image differencing, 

post-classification, change vector analysis, and principal component analysis. Studies 

show that these techniques were able to successfully identify changes in different land 

cover using multi-temporal satellite images for various applications (Yuan et al., 2005). 

Nevertheless, little research has investigated and applied change detection techniques for 

urban change detection applications. 

The purpose of this paper is to demonstrate the use of remote sensing to study 

urban expansion in Dubai and Las Vegas from 1984 to 2010 using Landsat images. The 

project investigates how to use different remote sensing and change detection techniques 

in order to detect urban change. Specifically, it examines different change detection 

techniques for urban applications in desert cities like Dubai and Las Vegas using Landsat 

satellite imagery. Urban areas in desert cities are facing various challenges and problems, 

such as desertification, sand dune formation, climate change, urbanization, land 

degradation, water and vegetation shortage, and land and waste management issues 

(Belaid 2010). Accurate urban change detection in these areas is significant to visualize 

and assess the spatial growth of urban settlements for planning and management activities 
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(Yang, 2002, 2007, 2010, 2011b; Alberti et al., 2004; Auch et al. 2004). However, 

research in comparing change detection techniques for urban expansion analysis in desert 

cities is very limited. 

This paper discusses the strengths and weaknesses of two urban change detection 

techniques: post-classification and principal component analysis, in order to find the most 

suitable change detection technique for desert cities like Dubai and Las Vegas. In 

addition, it investigates alternative solutions to overcome the drawbacks of applying 

traditional change detection techniques to urban applications. 
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2. Literature Review 

2.1.  Land Cover and Land Use Change Detection 
 
 Land-use and land-cover change (LUCC) play an important role in global change 

(Vitousek 1992, Walker and Steffen 1996) and have significant implications for many 

international policy issues (Nunes and Auge 1999). In the past few decades, population 

growth and urbanization have caused dramatic conversion of grassland and forest into 

cropland and residential areas (Houghton 1994, Meyer and Turner 1994, Turner et 

al. 1995, Squires 2002, Aboel Ghar et al. 2004). Consequently, LUCC has been a major 

concern for its effects on the regional water cycle, biological diversity, soils and their 

fertility, water quality and air quality. Careful considerations are required by local and 

regional land managers and policy makers to make decisions that balance the positive 

aspects of development with the negative in order to preserve environmental resources 

and increase socioeconomic welfare (Naiman et al., 1997). In order to understand how 

LUCC affects and interacts with global earth systems, information is required to provide 

what changes occur, when and where they appear, the rates at which they happen, and the 

physical and social drivers of those changes (Lambin 1997). 

 Satellite remote sensing data can provide useful information on the geographic 

distribution of LUCC, along with cost and time savings for data collection across large 

areas over the traditional inventories and surveys. In addition, remote sensing data can 

provide information on temporal trends and spatial distributions of urban areas required 

to understand, model, and project land change (Elvidge et al., 2004). Remote sensing 

change detection is the process of identifying differences in the state of an object or 

phenomenon by observing it at different times. In recent decades, remotely sensed data 



 

 5 

have become major data sources for various change detection applications, due to 

repetitive data acquisition and digital format, which are suitable for computer processing 

(Singh 1989). Although most of the change detection research studies have focused on 

LUCC, recent studies have utilized change detection techniques in different applications, 

for example, to study forest and vegetation change, forest fire, wetland change, and urban 

change. 

2.1.1. Urban Change Detection 

Urbanization is one of the most significant types of global change in both 

developing and developed countries. Urbanization is caused by the growth of population 

and economy as well as the concentration of human population into large metropolitan 

areas (Turner et al., 1993). Improper planning and management of land cover changes 

associated with urban growth can have major effects on climate and ecosystems, which 

include degradation of air and water quality, loss of farmland and forests, and the 

socioeconomic effects of economic disparities, social fragmentation and infrastructure 

costs (Squires, 2002). Moreover, urban areas have a higher solar radiation absorption and 

thermal capacity and conductivity than other land cover types. Consequently, urban areas 

tend to have higher temperatures when compared to the surrounding rural areas due to 

impervious surfaces such as roads, buildings and concrete. This thermal difference leads 

to the development of urban heat islands (UHI) (Mather 1986). 

Monitoring and mapping urban growth require robust methods and techniques. 

Conventional survey and mapping methods do not have the ability to provide the 

necessary information in a timely and cost-effective manner. In recent decades, studies 

have shown the potential of using remote sensing change detection techniques to provide 
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accurate and timely information describing urban land change (Alberti et al 2004, Goetz 

et al 2004, and Yang 2002). Mas (1999) found that post-classification is the most 

successful method for urban change detection with data of various conditions in soil 

moisture and vegetation phenology. Li and Yeh (1998) concluded that multi-date 

principal component analysis (PCA) and classification could be applied successfully to 

detect rapid urban expansion in the Pearl River Delta, China. Yang and Lo (2002) used 

remote sensing change detection techniques with Geographic Information Systems (GIS) 

to map the spatial dynamics of urban land changes in Atlanta, Georgia. 

The spectral heterogeneity of urban areas and their spatial scales are problematic 

in studying urban change due to sub-pixel mixing. This is because urban areas tend to 

include complex mixtures of land cover types such as concrete, asphalt, metal, and sand, 

vegetation, soil and various types of roof materials, which have different radiometric 

characteristics within a single pixel of medium resolution remote sensing images, such as 

Landsat (Foody 2000, Small 2002). The major challenge for urban land cover 

classification is to accurately identify the relative contribution of reflectance from 

different materials in an urban environment. Moreover, consideration needs to be taken 

for changes that are not related to urban land cover change, such as seasonal variations in 

vegetation (Hornstra et al. 1999, Small 2002). Some studies have investigated including 

other spatial information in order to overcome the sub-pixel mixing problem and improve 

per-pixel classification by using textural (Baraldi and Parmiggiani 1990, Gong et al. 

1992) and contextural (Gong and Howarth 1992, Sharma and Sarkar 1998) information. 

However, incorporating other spatial information was out of the scope of this project. 
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Only spectral information was used in this comparative analysis of two urban change 

detection techniques. 

2.2. Considerations Before Applying Change Detection 
 
 To apply change detection analysis effectively using remotely sensed data, careful 

consideration of the remote sensor system, environmental aspects, and image processing  

methods are required. The first consideration is the selection of a remote sensor system 

and correct application of the preprocessing methods include multi-temporal image 

registration and atmospheric and radiometric corrections. Each remote sensor system has 

spectral, spatial, temporal, and radiometric resolutions, which play an important role in 

the success of any remote sensing change detection application (Jensen, 1996). The 

spectral resolution is the number of wavebands that a sensor can simultaneously record at 

each pixel. The spatial resolution is a measure of the smallest feature that can be detected 

on the ground. The radiometric resolution is the number of separate radiometric levels in 

which a sensor can capture the intensity of measured radiation from an object for each 

pixel. The temporal resolution is the revisit frequency of a sensor to monitor the same 

area (Barrett and Curtis 1999).  

Accurate spatial registration of multi-temporal images is important to create true 

geographic positioning of images and present accurate results. If multi-temporal images 

are mis-registered, false results of change detection will be produced (Townshend et al. 

1992, Dai and Khorram 1998, Stow 1999, Verbyla and Boles 2000, Carvalho et al. 2001, 

Stow and Chen 2002). Radiometric and atmospheric correction involves conversion of 

digital numbers to radiance, or surface reflectance, to quantitatively analyze multi-

temporal images. Without such corrections changes may be detected as a result of 
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different lighting conditions such as a change in solar angle, or changes in cloud or haze. 

Different radiometric and atmospheric correction methods have been developed, such as 

relative calibration and dark object subtraction (Markham and Barker 1987, Gilabert et al. 

1994, Chavez 1996). Other considerations are environmental changes that include 

atmospheric conditions, soil moisture conditions, and phenological characteristics 

(Weber, 2001). 

 Before applying change detection techniques, certain conditions need to be met: 

correct registration of multi-temporal images, accurate radiometric and atmospheric 

correction between multi-temporal images, similar phenological states between multi-

temporal images, and selection of the same spectral and spatial resolution images if 

possible. When applying change detection analysis, it is important to use the same 

spectral and spatial resolution data with anniversary or near anniversary acquisition dates 

in order to minimize the external effects on the images, such as sun angle and seasonal 

condition differences (Coppin and Bauer 1996, Jensen 1996, and Biging et al. 1999). 

 The third consideration is to choose the most suitable remote sensing image 

processing method to identify the change magnitude and direction. Some change 

detection techniques such as principal component analysis can only provide change/no-

change information, while some techniques such as post-classification comparison 

provide a useful matrix of change directions. The selection of a suitable change detection 

technique is important in order to produce accurate change detection results for a specific 

remote sensing dataset and study area (Lu et al., 2004). 
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2.3. Change Detection Techniques 
 There are four main components of change detection for observing environmental 

resources: identifying if the change has occurred, classifying the nature of change, 

calculating the areal magnitude of the change, and analyzing the spatial pattern of the 

change (MacLeod and Congalton, 1998). Lambin and Strahler (1994b) indicated five 

types of influence that lead to changes in land cover. The first three types are related to 

natural changes: long-term climate change due to astronomical causes, short-term 

geomorphological processes, and ecological processes such as vegetation succession and 

soil erosion. The other types are associated with human activities: direct alterations of 

land cover, such as deforestation and urbanization, and indirect influences through 

human-induced climatic change such as the greenhouse effect. 

The basic principle in using remotely sensed data for change detection is that 

changes in the objects or land cover of interest will result in changes in reflectance values 

or local textures that are separable from changes caused by other factors such as 

differences in atmospheric conditions, illumination and viewing angles, and soil moisture 

(Deer 1995). Because change detection is affected and constrained by the spectral, 

spatial, temporal and radiometric resolution of remote sensing data, it is important to use 

a suitable change detection technique for a specific study area to fulfill the purpose of a 

project. Many different digital change detection techniques have been developed and 

applied to various environments in the past few decades (Sing 1989, Jensen 1996). 

Depending on the study purpose, researchers attempt to discover the most suitable change 

detection methods for their specific application (Ridd and Liu 1998, Yuan and Elvidge 

1998, Mas 1999, Sohl 1999). Lu et al. (2004) grouped change detection methods into 

seven categories: algebra, transformation, classification, advanced models, Geographic 
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Information System (GIS) approaches, visual analysis, and other approaches. The first 

three of these categories will be discussed in this review as they are commonly used for 

change detection applications. 

2.3.1. Algebra 

 The most commonly used algebraic methods are image differencing, image 

ratioing, vegetation index differencing, and change vector analysis (CVA). Image 

differencing is a method whereby pixel digital number (DN) values for one band from a 

registered image are subtracted from the corresponding pixel DN values from the same 

band in the second registered image acquired at a different time to produce a residual 

image, which highlights the change (Mas, 1999). The resulting image will have positive 

and negative values in areas of change, and zero values in areas with no change (Sohl, 

1999). Image ratioing calculates the ratio of registered images at two dates on a band-by-

band basis. Vegetation index differencing produces vegetation indices separately, and 

then the second date index is subtracted from that of the first date. Change vector analysis 

generates the spectral change vector, which describes the direction and magnitude of 

change. 

These methods are relatively simple, straightforward, and easy to apply. They 

directly compare images from different fixed periods and identify all changes that are 

greater than the selected thresholds. However, selecting suitable thresholds is a 

complicated task and requires an intensive analysis of the images’ histograms. Moreover, 

selecting image bands and vegetation indices are critical to producing accurate results 

(Sing 1989, Jensen 1981). Ridd and Liu (1998) found that image differencing was useful 

and effective in identifying changes in the urban environment, with Landsat Thematic 
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Mapper (TM) band 3 providing the highest accuracy. Sohl (1999) reported that the image 

differencing method is simple, however, it lacks the ability to provide information on the 

nature of change. Stow et al. (1990) found that ratioing multi-sensor, multi-temporal 

satellite image data provided higher change detection accuracy than did principal 

component analysis (PCA) and was valuable as a land-use change enhancement 

technique.  

2.3.2. Transformation 

 The most commonly applied change detection techniques in the transformation 

category are principal component analysis (PCA) and tasseled cap transformation. 

Principal component analysis assumes that multi-temporal images are highly correlated 

and highlights the change in new components. Tasseled cap transformation is similar to 

PCA, however, it is independent of the scene and produces three components: brightness, 

greenness and wetness. These methods are similar to algebra methods, which directly 

compare images from different times with the utilization of thresholds to identify change. 

In addition, they can reduce data redundancy between bands and highlight different 

information in the derived components. On the other hand, these methods do not have the 

ability to present detailed change matrices, and interpreting and labeling change 

information is difficult (Lu et al., 2004). 

Fung and LeDrew (1987) used PCA and a tasseled cap transformation to identify 

land-cover changes from multi-temporal Multispectral Scanner System (MSS) and TM 

images, and found that differencing greenness and brightness images from the tasseled 

cap were most suitable for highlighting land cover changes from multi-sensor data. 

Guirguis et al. (1996) compared standardized and unstandardized PCA, image 
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differencing, and image ratioing, and concluded that standardized PCA was more 

efficient in detecting change. Sunar (1998) compared image overlay, image differencing, 

PCA and post-classification comparison to detect land-cover change in Istanbul, Turkey, 

and concluded that PCA and post-classification comparison were more reliable in 

detecting changes, but each of the methods used has some advantages with regard to the 

information content and interpretability. 

2.3.3. Classification 

 The most commonly used classification change detection techniques are post-

classification comparison, spectral–temporal combined analysis, and artificial neural 

networks (ANN). Post-classification comparison classifies multi-temporal images into 

thematic maps separately, and then compares the classified images on a pixel-by-pixel 

basis. Spectral-temporal combined analysis combines multi-temporal images in one 

single image by stacking them together, and then classifies, identifies and labels the 

changes. Artificial neural networks utilize training algorithms for multi-temporal 

classification instead of a maximum likelihood method, where the trained neural network 

identifies changes on a pixel-by-pixel basis (Dai et al., 1999). This method involves 

several important processes, such as training, network development, change output 

encoding, and change classes extraction. 

These methods classify images by assigning a class to each land cover or land 

use. The quality and quantity of training sample data are critical in these methods to 

generate high quality classification results. The main advantage of using these methods 

over other change detection methods is that they can provide a matrix of change 

information and compensate for variation in atmospheric conditions and vegetation 
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phenology between multi-temporal images since each classification is independently 

generated. Nevertheless, acquisition of high quality and abundant necessary training 

sample data is usually difficult, especially for historical image classifications. Also, these 

methods are time consuming, and the accuracy of an individual classification is highly 

dependent on the analyst’s skill (Yuan et al. 1998, Coppin et al., 2004, Lu et al. 2004). 

Li and Yeh (1998) used a PCA of stacked multi-temporal images combined with 

supervised maximum likelihood classification, and concluded that PCA can successfully 

detect land use change in the Pearl River Delta. Silapaswan et al. (2001) used CVA, 

unsupervised classification, and visual interpretation of aerial photographs to monitor 

land-cover change, and concluded that the combination of CVA and unsupervised 

classification presented more accurate change detection results than using only one 

method. Foody (2001) used a post-classification comparison change detection technique 

and found that it was not able to detect all land cover changes, but where the change was 

identified, it usually overestimated its amount. Liu and Lathrop (2002) applied the ANN 

approach to monitor urban change using multi-temporal TM data and concluded that the 

ANN method improved accuracy about 20–30% when compared to post-classification 

comparison. 

2.4. Accuracy Assessment 
 
 Accuracy assessment is very important in evaluating and understanding change 

detection results and employing these results for decision-making. The most common 

accuracy assessment methods include overall accuracy, producer’s accuracy, user’s 

accuracy and Kappa coefficient (Congalton 1991, Janssen and van der Wel 1994, Smits 

et al. 1999, Foody 2002). The accuracy assessment for change detection is mostly 



 

 14 

difficult, since collecting reliable temporal field data is often problematic. Even though 

standard accuracy assessment methods were generally developed for single-date remote 

sensing data, for example classification, the error matrix accuracy assessment method is 

useful to evaluate change detection results (Morisette and Khorram 2000, Lowell 2001). 

Morisette and Khorram (2000) utilized accuracy assessment curves to examine satellite-

based change detection, and Lowell (2001) developed an area-based accuracy assessment 

method to analyze change maps. 

 The error matrix is the most commonly used accuracy assessment method. 

Cangalton and Plourde (2002) discussed how to effectively produce an error matrix to 

assess the accuracy of a change detection technique. This includes collecting ground truth 

data, generating the classification and sampling scheme, calculating spatial 

autocorrelation, and selecting proper sample size and sample unit. In addition, sampling 

design is an important factor when collecting ground truth data. Biging et al. (1999) 

recommended a geographically based multi-stage classified random sample associated 

with field points of nearly 3 x 3 pixels in size to implement change detection accuracy 

assessment. 
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3. Data and Methods 

3.1. Study Area 
 
 The two desert cities selected for this paper on the study of urban expansion using 

remote sensing change detection techniques are Dubai and Las Vegas. The main reason 

for choosing these cities is that both Dubai and Las Vegas are arid desert cities, which 

relates to the important question of how to investigate the most suitable urban change 

techniques in such an environment, where it can be difficult to distinguish between the 

reflectances of the natural environment and those of the built environment. The other 

reason is that both cities have experienced rapid urban, economic and population growths 

in the past decades due to tourism, and in the case of Dubai, the oil and gas industries. 

Dubai is one of the seven emirates of the United Arab Emirates (UAE), and 

located south of the Persian Gulf on the Arabian Peninsula (Figure 3.3). Dubai has the 

largest population with the second-largest land territory by area of all the emirates, after 

Abu Dhabi. Dubai has experienced rapid population growth in the last decades, 

increasing from 370,788 in 1985 to 961,000 in 2002. This resulted in rapid urban 

development, where there is currently an annual urban growth rate of 3.9%. The main 

reason for such growth is economic expansion fueled by the oil industry that has created 

a demand for labor and expertise (Pacione 2005). Tourism plays a major role in the rapid 

urban development in Dubai as well, and details of Dubai’s international tourist arrivals 

from 1982 to 2004 are covered in Table 3.1 (EIU 2003). The annual number of visitors to 

Dubai is approximately 6.2 million, which is considered a low number compared to 

visitors to Orlando and Las Vegas as indicated in Figure 3.1. However, Dubai is listed 

with the highest growth rate as the worldwide (Figure 3.2; Schmid 2006).  
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Table 3.1: International tourist arrivals in Dubai 1982-2004 (EIU 2003) 

 

Figure 3.1: Development of tourism figures in selected destinations since 1990 (in 
millions) (Schmid 2006) 

 

Figure 3.2: Growth rates of tourism figures in selected destination since 1990 (Schmid 
2006) 
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Dubai has an extremely hot arid climate, and most days throughout the year are 

sunny. In the summer, the climate is very hot, windy and dry, with an average high 

temperature around 40 °C (104 °F) in the day, and temperature decreases to around 30 

°C (86 °F) at night. In the winter, Dubai experiences a warm climate with an average 

high temperate of 23 °C (73 °F) in the day, and the temperature decreases to overnight 

lows of 14 °C (57 °F) at night. Dubai has extremely limited precipitation during 

summers, and precipitation generally occurs during winters. However, precipitation has 

been increasing in the last few decades with accumulated rain reaching 150 mm (5.91 in) 

per year (Dubai Meteorological office). 

 

 

Figure 3.3: Dubai City (obtained from the EROS Data Center) 
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Las Vegas is located in the Las Vegas Valley in southern Nevada (Figure 3.4). 

The city began as a small railroad town in 1902, and a number of machine shops, hotels, 

and gambling houses existed at that time. With the construction of the Hoover Dam and 

the legalization of gambling, the population of Nevada began to grow in the 1930s. After 

WWII, rapid construction of hotels and motels with large casinos followed and the city 

started to take on its modern day landscape of a major resort and gambling area. The 

population of Las Vegas has increased by a factor of 30 since 1940. During the late 

1990s, more than 60,000 people moved into the Las Vegas Valley each year (Hynes, 

1997). During the period between 1990 and 2000, the Las Vegas metropolitan area was 

the fastest growing region in the U.S. with an 83 percent increase in population. As of 

2000 the population of the Las Vegas metropolitan area stood at 1,563,000. 

Las Vegas has a dry climate. It averages 216 cloud free days and 4 inches of rain 

annually. The average temperature for the area varies from 33 ° C (91 °F) in the summer 

to 8 °C (46 °F) in the winter. As of 2000, the city of Las Vegas encompassed an area of 

83.3 square miles. With its sunny weather and large resorts and casinos, Las Vegas is a 

major tourist attraction and hosts over 30 million visitors each year. However, Las Vegas 

is more than just a tourist attraction, and today is a booming manufacturing and industrial 

hub, a leader in the construction of new homes, and a center for new service sector jobs. 

For example, Microsoft Corporation has established their 2001 Encarta Online operations 

here. 
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Figure 3.4: Las Vegas city (obtained from the EROS Data Center) 

 

3.2. Remote Sensing Data 
 

Landsat images are the main source of data used to detect urban expansion in 

Dubai and Las Vegas in this paper. Both Landsat 5 Thematic Mapper (TM) and Landsat 

7 Enhanced Thematic Mapper Plus (ETM+) imagery are used, which both include six 

bands of data with a nominal pixel resolution of 30 meters. Although Landsat 7 ETM+ 

has some enhanced capabilities over the TM imagery, such as a 15 m resolution 
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panchromatic band, the ETM+ bands used in this paper are readily comparable to the 

Landsat 5 bands. Landsat TM images have seven bands: blue (0.45-0.52 µm), green 

(0.52-0.60 µm), red (0.63-0.69 µm), near IR (0.76-0.90 µm), mid IR (1.55-1.75 µm), 

thermal (10.4-12.5 µm), and mid IR (2.08-2.35 µm). Landsat ETM+ images have 

comparable band widths and an additional panchromatic band (0.52-0.90 µm). 

The primary reason for Landsat imagery popularity is that it has the longest 

record of satellite remote sensing imagery available. Landsat data is now widely 

accessible and can be obtained freely as opposed to the prohibitive costs of most other 

imagery. Moreover, most image processing software has pre-defined approaches for 

processing Landsat data, making it very accessible and easy to work with. Landsat 

imagery is becoming the accepted standard for land cover and vegetation change analysis 

and is used in many universities, government agencies, and private research companies 

across the country and worldwide (Lillesand and Kiefer, 2000). In addition, Landsat 

imagery is widely used in earth-surface studies due to its useful range of wavelengths 

sensed, moderately high resolution, ready availability, and ease of distribution (Jensen, 

1996). 

Landsat imagery is taken in a sun-synchronous mode due to the orbit of the sensor 

carrying satellite. Orbits are calculated so that Landsat sensors pass over a given area at a 

local time, approximately 9:42 AM local sun time at the equator. In the case of Landsat 5 

TM and 7 ETM+ sensors, this pass occurs every sixteen days over the same location on 

Earth. The advantage of a sun-synchronous orbit is that it ensures repeatable sun 

illumination conditions, which is necessary when mosaicking adjacent paths of imagery 

and comparing annual alterations in land cover (Lillesand & Kiefer, 2000).  
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Six images were obtained from the U.S. Geological Survey (USGS) for Dubai and 

Las Vegas. Landsat 5 TM images were acquired in May 1984 for Dubai and Las Vegas, 

in May 2003 and 2010 for Las Vegas, and two Landsat 7 ETM+ images were acquired in 

May 2003 and 2010 for Dubai with no cloud cover for all images, which is useful for 

urban change detection studies. The original images of Dubai were acquired at Path 160 

and Row 43 of Landsat Worldwide Reference System (WRS-2), which cover the entire 

emirate of Dubai and parts of adjacent emirates. The Landsat images of Las Vegas were 

acquired at Path 39 and Row 35. 

3.2.1. Reference Data 

 High resolution aerial photos were used in this study for each city as reference 

data for georeferencing, selecting pseudo-invariant features for radiometric 

normalization, and accuracy assessment of each change detection technique. The 

reference data for Dubai was obtained from the EROS Data Center and Space Research 

Institute of King Abdulaziz City for Science (KACST) and Technology. A Keyhole (KH-

9) satellite image of Dubai in 1980 was downloaded from EROS Data Center, and this 

image was used for the accuracy assessment process due to the unavailability of high 

resolution images in Dubai in 1984. Also, IKONOS and System Pour l’Observation de la 

Terre (SPOT-5) images in 2003 and 2010, respectively, were obtained from Space 

Research Institute of KACST for accuracy assessment of Dubai in those years. The 

reference data for Las Vegas was obtained from the EROS Data Center and consisted of 

nine National High Altitude Photography (NHAP) color infrared (CIR) photos from July 

1983, two hundred and eight high resolution orthoimagery photos from March 2003, and 

twenty four National Agriculture Imagery Program (NAIP) photos from June 2010 
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obtained from W.M. Keck Library, Earth Sciences and Mining Research Information 

Center, University of Nevada, Reno. 

 KH-9 satellite images were originally used for cartographic information and 

reconnaissance for U.S. intelligence agencies from 1973 to 1980, and then the images 

were made available to the public, since the images could be useful for historical global 

change research and were no longer critical to national security. KH-9 framing cameras 

produced 9 x 18 inch imagery at a spatial resolution of 20 to 30 feet, and film scanners 

were used to produce digital images at 7-micron, or 3,600 dot per inch (dpi). The 

IKONOS image was delivered in Georeferenced Tagged Image File Format (GeoTIFF), 

with a spatial resolution of 1 m. The image had four bands: blue, green, red and infrared 

(IR). Nevertheless, the IKONOS image covered 100 square km, which is a small area 

compared to the study area as shown in Appendix F, and hence the pan sharpening tool in 

Erdas Imagine was applied to the Landsat image from 2003 in order to improve the 

spatial resolution from 30 m to 15 m, using the panchromatic band. The SPOT-5 image 

was acquired in September 2010 with a spatial resolution of 2.5 m and four bands: green, 

red, near IR, shortwave IR (SWIR). The image was delivered as Level 2A, so that it was 

geometrically corrected to UTM WGS 84 and radiometrically corrected in Erdas Imagine 

format. Since the SPOT-5 image did not contain blue band, the Natural Color tool in 

Erdas Imagine was applied to produce true color image. 

The NHAP CIR photos were acquired with an 8.25-inch focal length lens, and 

they are at a scale of 1:58,000. The photos were obtained from the USGS EROS Data 

Center in Tagged Image File Format (TIFF). The resolution of digital NHAP photos were 

determined by the digital single-lens reflex camera used with a resolution of 63 microns, 
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or 400 dots per inch (dpi) with spatial resolution of 2 m. High resolution orthoimagery 

images were also obtained from USGS EROS Data Center in GeoTIFF format with a 1 

meter pixel resolution and 1,500-m x 1,500-m footprint. The images were orthorectified 

and georeferenced to North American Datum (NAD83), where corrections have been 

made for feature displacement and scale variations caused by terrain relief, sensor 

geometry, and camera tilt. NAIP images were acquired at a 1-meter ground sample 

distance (GSD) with a horizontal accuracy that matches within six meters of photo-

identifiable ground control points. The images were delivered with four bands: red, 

green, blue and near infrared, and as digital orthophoto quarter quadrangle tiles (DOQQs) 

in GeoTIFF format rectified in NAD83. Each image tile covers a 3.75 x 3.75 minute 

quarter quadrangle plus a 300 meter buffer on all four sides (USDA-FSA). 

3.3. Image processing 
 

The projection and datum of Landsat images, respectively, are Universal 

Transverse Mercator (UTM), and World Geodetic System 1984 (WGS 84). Because the 

spatial extent of the Landsat images is greater than the study areas in Dubai and Las 

Vegas, the images were subset to smaller areas using a bounding rectangle using Erdas 

Imagine software. It is important to apply radiometric correction and normalization for 

multi-temporal images of the same area in change detection applications (Yang and Lo, 

2002). Radiometric correction or normalization is a process to remove radiometric 

differences caused by non-surface factors between images acquired at different times 

(Heo & Fitzhugh, 2000). Hall et al. (1991) discussed that the goal of applying radiometric 

correction and normalization is that multi-temporal images should appear as if they were 

collected with the same sensor under the same atmospheric and illumination conditions, 
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so that changes in pixel values will reflect real changes on the ground. Heo and Fitzhugn 

(2000) emphasized the importance of radiometric correction and normalization in multi-

temporal image studies, such as change detection, to reduce errors and improve the 

accuracy of image statistical analysis. There are two main types of radiometric correction 

and normalization: absolute and relative. 

 Absolute normalization involves utilization of data on sensor calibration collected 

at the time of image acquisition, atmospheric conditions, satellite ephemeris data, and 

ground targets of known reflectance. In general, absolute radiometric correction involves 

two steps. The first step is to convert the digital number (DN) of the sensor measurements 

to spectral radiance measured by the satellite sensors using the following equation: 

Lsat = DN x gain + offset 

Lsat refers to the band spectral radiance detected by the satellite sensor, DN is the digital 

number of the sensor measurement, and gain and offset are sensor-specific calibration 

parameters identified prior to sensor launch (Schowengredt, 1997). The second step is to 

convert the sensor detected radiance into ground surface reflectance using the following 

equation: 

! surface = 
!!"#    !  !!"#$   !

!  !
  

! surface refers to the ground surface reflectance of the feature, Lsat the path radiance, E is 

the irradiance on the ground feature, and !  is the transmission of the atmosphere 

(Lillesand & Kiefer, 2000). However, obtaining satellite and atmospheric data for 

absolute radiometric correction and normalization are frequently problematic, and are 

often unavailable for historical images (Song et al., 2001).  
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Relative radiometric normalization corrects radiometric differences between 

multi-temporal images relative to each other, and do not require absolute ground targets, 

atmospheric correction, ephemeris data, or data on sensor calibration (Heo & Fitzhugh, 

2000). Song et al. (2001) stated that relative radiometric correction is much simpler to 

apply than absolute radiometric correction, and is very efficient for multi-temporal image 

analysis, such as change detection. 

Various relative radiometric correction methods are currently used in research, 

such as pseudo-invariant features (PIFs), histogram matching, and image regression 

(Yang & Lo, 2002). A band-by-band linear regression method was chosen in this project 

for radiometric correction and normalization. This method involves the collection of 

pseudo-invariant ground features (PIFs) that are common to each image, and creating a 

regression relationship between corresponding pixel values to highlight and correct 

radiometric differences between the images (Heo and Fitzhugh, 2000). For this study, 22 

sample PIF radiometric control targets, including road intersections and areas of deep 

water, were chosen from each Landsat image. Landsat images for 2003 were selected in 

this study as the reference images, while 1984 and 2010 images were radiometrically 

corrected relative to the 2003 images. Pixel values for Landsat bands 1-5 and 7 were 

recorded at each PIF for each year and exported into an Excel spreadsheet to produce 

scatterplots of each band in the images using a linear regression equation. Visual analysis 

of resultant scatterplots was conducted to examine and eliminate the outliers. Then, a 

spatial model in Erdas Imagine was created to generate radiometrically corrected Landsat 

1984 and 2010 images. 
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3.3.1. Georeferencing 

 It is important in any change detection research to correctly register the images 

being compared. Jensen (1996) argued that “accurate spatial registration of at least two 

images is essential for digital change detection”. Image registration is the “translation and 

rotation alignment process by which two images of like geometry and of the same set of 

objects are positioned coincident with respect to one another so that corresponding 

elements of the same ground area appear in the same place on the registered images” 

(Haralick et al., 1973). Ideally, pixels should be perfectly matched in both images after 

the georeferencing process. However, the task is exceptionally challenging if not 

impossible. Registration error is calculated in root mean squared error (RMSE), which is 

expressed in pixels or units of ground resolution based on ground control points (GCPs). 

GCPs should be dispersed over the image to ensure sufficient coverage. Bernstein (1983) 

suggested that 16 GCPs are a practical number to achieve an RMSE of one third of a 

pixel size. However, an RMSE of smaller than half a pixel size, i.e 15 m for Landsat 

images, is still acceptable for georeferencing. 

Although Landsat images used in this study were in the same datum and 

projection for each city, reference data needed to be registered and georeferenced to 

Landsat images in order to assess the accuracy of each urban change detection technique 

for both cities. Only the KH-9 image for Dubai in 1980, NHAP photos from 1983 and 

high resolution ortho-images from 2003 needed to be georeferenced, since the NAIP 

images from 2010 were obtained georeferenced and geometrically corrected to NAD 83. 

In this study, the KH-9 images were georeferenced using IKONOS and Landsat images 

from 2003. For the Las Vegas reference data, the high resolution ortho-images from 2003 

were first georeferenced to the NAIP images from 2010, and then the NHAP photos from 
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1983 were georeferenced to the newly georeferenced high resolution ortho-images from 

2003. Before applying the georeference process, the images were individually imported 

from GeoTIFF and TIFF to Erdas Imagine format (.img). Then, the images were 

mosaicked together using Mosaic Tool in Erdas Imagine. 

Image georeferencing was accomplished in Erdas Imagine using Image 

Geometric Correction tools and polynomial transformation. The criteria of selecting 

pixels for GCPs were to identify unchanged and clearly recognizable features with 

sharply defined edges, for example, road intersections and corners of buildings. In 

addition, GCPs were to be placed and dispersed along the edges and the center for the 

whole coverage of the photos. Once an appropriate RMSE was achieved, the photos were 

resampled using the nearest neighbor technique to align the pixels in the new photos to 

the reference images. 

3.3.2. Landsat 7 ETM+ Gap Filling 

 Landsat 7 ETM+ sensor had a failure of the Scan Line Corrector (SLC) on the 31st 

of May, 2003 that resulted in approximately 22% data loss. SLC is a part of the Landsat 7 

ETM+ sensor that compensates for the forward motion of Landsat 7 satellite during 

image acquisition. Without the SLC, the images contain black stripes with zero value in 

all channels. In this study, a gap filling method was used for the image of Dubai in 2010 

by mosaicking two images that have been acquired as close in time as possible. The 

primary image for the gap filling and mosaicking method was acquired on June 16th, and 

the image used to fill the gap was acquired on July 2nd. A model was developed in Erdas 

Imagine using Spatial Modeler to apply the gap filling method (Appendix I). Prior to 



 

 28 

applying the gap filling method, the Histogram Match tool in Erdas Imagine was applied 

to the ancillary image in order to match the reflectance values in the primary image. 

 

3.4. Change Detection Techniques 

3.4.1. Post-Classification Comparison 

 The post-classification comparison approach involves independent production and 

subsequent comparison of spectral classification for the same area at two different time 

periods (Mas, 1999). The reason for selecting this method is that it provides direct 

information on the nature of land cover changes. In addition, the analyst has control over 

the types of change classes that appear in the final change classification, and this project 

is primarily to study urban change. Another advantage of a post-classification approach is 

that images are not required to be normalized or to apply radiometric correction prior to 

implementing change detection. 

In a multispectral image, each pixel has a spectral signature determined by the 

reflectance of that pixel in each of the spectral bands. Classification is an information 

extraction process that examines the spectral signatures and then assigns pixels to classes 

based on similar signatures (Sabins 1997). However, the details of the classes are highly 

dependent on the spectral and spatial resolution characteristics of the images. The 

classification process can be unsupervised or supervised. Unsupervised classification is a 

method in which the computer searches for natural clusters of similar pixels (Jensen 

1996). The fewer clusters there are, the more the pixels within each cluster will be 

different in terms of spectral signature, and vice versa. To perform unsupervised 

classification, the analyst identifies the number of clusters needed, number of iterations, 
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and a confidence threshold. Then, the computer will create clusters iteratively, where 

clusters become more refined with each iteration until the confidence level is reached 

(Jensen 1996). In this study, unsupervised classification was first used for image 

classification, due to the unavailability of proper data for training sites, which are 

required in supervised classification. However, supervised classification was used to 

replace unsupervised classification, which was time-consuming to apply for all the 

images in this study. Dubai images were classified into five classes: water, urban, desert, 

vegetation and soil. Las Vegas images were classified into four classes: urban, desert, 

vegetation and soil. 

 GIS was finally used to highlight the urban expansion in Dubai and Las Vegas. A 

model was built in ArcGIS to automate the process of detecting the urban change using 

Model Builder. First, both classified images were converted from raster to vector for 

faster processing and to calculate geometry and areas of classes. Then, the dissolve 

function was applied to eliminate all unclassified classes that resulted from the 

unsupervised and supervised classifications in corresponding images, and hence only four 

classes were retained. An attribute field was added to both reclassified layers to calculate 

geometry and areas for each class. Then, urban classes were extracted from each layer to 

study the urban change detection, and the resulting urban layers were overlaid together 

using the Union function. Finally, three layers (no change, decreased, increased) were 

derived from the unioning of urban boundaries at each time period.. In a later stage of the 

study, Python script tools were developed in ArcGIS to automate this process of urban 

change detection (Appendix D). 
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3.4.2. Principal Component Analysis 

 Principal Component Analysis (PCA) was also used in this paper to compare its 

results and accuracy to the post-classification change detection process. PCA is a 

commonly used transformation of image data before applying change detection by image 

differencing. PCA is usually used to compress the information content of multispectral 

data (Sabins 1997). It uses mathematical algorithms to transform a number of bands of 

correlated data into the same number of principal components that are uncorrelated. The 

first principal component (PC-1) defines most of the variation of the brightness values for 

the pixels of the original bands (Jensen 1996). The other components describe less and 

less of the variation in the data, with the final PC normally corresponding to atmospheric 

noise in the data rather than any ground feature information (Sabins 1997). The main 

advantage of using principal component analysis is to reduce the amount of redundant 

data in the original image, without losing much of the information. Jensen (1996) 

explained that the three visible bands (1, 2, and 3) of Landsat TM images are highly 

correlated, so the brightness values in each tend to vary together. As a result, the three 

bands provide redundant information for classification purposes.  

 Before applying principal component analysis, four bands, i.e. bands 1-4, from 

two images were combined to generate an 8-band multi-temporal image using the Stack 

Layer tool in Erdas Imagine. Then, principal component analysis was applied to the 8-

band multi-temporal image in order to examine and study what types of changes occur 

and in which components. After that, an intensive visual analysis was made on each 

principal component of the multi-temporal image to identify what changes occurred using 

PCA eigenvalues produced by the Principal Component tool. Then, supervised 
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classification was applied to the transformed images, and two classes were selected for 

urban change detection: no change and increase. 

3.5. Accuracy Assessment 
 The accuracy of each change detection technique was assessed and evaluated 

using aerial photos and high resolution satellite images as reference data. The accuracy 

assessment involves thorough comparison of the classified images in each year with high 

resolution aerial photography to find whether a particular urban change detection 

technique was be able to accurately classify areas of urban regions and changes. A cluster 

of check points was randomly produced in the study area that is covered by aerial photos 

for each site. Such random check points perform as a statistical sample to assess the 

accuracy of each urban change detection technique, as assessing every pixel in the study 

area is not practical or essential. 

In this research, 200 random sample points were selected across each change 

image using the Accuracy Assessment tool in Erdas Imagine. There are three distribution 

options for selecting random check points: Random, Stratified, and Equalization 

Random. The Random option produces points randomly with no rules to their selection. 

The Stratified option produces points randomly in each defined class, and the number of 

points generated in each class is proportional to the class area. The Equalization Random 

option creates equal numbers of random points in each defined class. The Random option 

was chosen in this study to assess the accuracy of each urban change detection technique 

for two reasons. First, the random check points could be used for assessing the accuracy 

of both urban change detection techniques, and classes generated in each technique were 

not identical, which would result in a bias of placing check points on one technique over 
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the other. The second reason is that aerial photos only cover the central area of the cities, 

where most changes occurred on the edges. 

The accuracy assessment of random check points was executed in ESRI’s ArcGIS 

software, which provides useful tools to assist the accuracy assessment procedure 

including displaying aerial photos and change images to identify whether any changes 

occurred or not, and documenting the observations in the attribute table for later analysis. 

First, easting and northing coordinates of random check points generated in Erdas 

Imagine were exported to a text file, and then a point shapefile was created in ArcGIS 

with new fields to accommodate the results of urban change detection techniques and 

ground truth information. Each check point was then individually analyzed and the 

results were documented in the attribute table. 

Results of accuracy assessment in ArcGIS were then documented in an Excel spreadsheet 

to produce an error matrix for each urban change detection technique and calculate 

certain accuracy statistics. Overall accuracy was calculated by dividing the total number 

of accurately classified pixels by the total number of check points. Producer’s accuracy 

estimates errors of omission and specifies how accurately the reference pixels of each 

class were classified. Producer’s accuracy was calculated by dividing the number of 

accurately classified reference pixels in each class by the total number of reference pixels 

truly in that class based on aerial photos. User’s accuracy estimates errors of commission, 

and was calculated by dividing the number of accurately classified reference pixels in 

each class by the total number of reference pixels distributed on that class. 
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4. Results 

4.1. Image Processing 
 In this study, a band-by-band linear regression method was adopted for relative 

normalization of the images over the absolute radiometric correction methods. First, the 

PIF points were collected for the Dubai images in 1984 and 2003 in Erdas Imagine using 

Inquire Cursor pixel values for Landsat bands 1-5 and 7, and then pixel values, 

coordinates, and descriptions of the points were exported into SPSS statistical software. 

The Band 6 thermal values were not used in this study due their low spatial resolution. 

Table 4.1 shows the X and Y coordinates and surface types of the 22 PIF points collected 

from the Dubai images. 

 A linear regression equation was calculated and scatterplots were produced for 

each individual band in both images. First, the 2003 image was used as the reference 

image and the 1984 image was radiometrically corrected relative to the 2003 image. 

Outliers were then eliminated on a band-by-band basis, with each band potentially having 

a unique sample of data points. The studentized residual method was used as the 

statistical test for determining outliers at a 95% confidence level. Heo & Fitzhugh (2000) 

argued that the advantage of using thestudentized residual method is to retain a 

radiometrically wide distribution of normalization points after the outlier elimination 

process is accomplished. Figure 4.1 shows scatterplots of all the 22 PIF points for each 

band with the linear regression. 

Exclusive of band 1, which had relatively high regression coefficient (r-squared), 

regressions for all other bands prior to the outlier elimination process indicated the need 

for radiometric correction of the images so that pixel values in each band for both images 

should have high r-squared. Studentized residual method was applied for each band to 
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detect and eliminate one outlier at a time until a desired regression value was reached, i.e 

greater than 0.99 r-squared. Table 4.2 presents the regression values for each band before 

and after the removal of outliers and the resulting linear regression equation as well as the 

sequence of ultimate outlier removal for each band. Figure 4.2 shows the scatterplots of 

the PIF points for each band of the Dubai images in 1984 and 2003 after the removal of 

outliers. 

ID X Coordinate Y Coordinate Surface Type 
1 295580.124 2798392.547 Deep water 
2 306076.025 2792269.938 Deep water 
3 297329.441 2779587.391 Deep water 
4 319633.23 2800579.196 Deep water 
5 292518.82 2800579.193 Deep water 
6 305638.696 2800141.863 Deep water 
7 334501.621 2794428.311 Asphalt (road) 
8 330456.69 2796623.55 Asphalt (road) 
9 330427.676 2796766.501 Building roof 
10 330879.15 2795778.63 Asphalt (road) 
11 334681.29 2797468.47 Asphalt (road) 
12 334258.83 2796201.09 Building roof 
13 327499.47 2795778.63 Building roof 
14 325809.63 2794511.25 Bare soil 
15 307643.85 2766628.89 Asphalt (road) 
16 302996.79 2759869.53 Asphalt (road) 
17 344397.87 2769586.11 Bare soil 
18 340595.73 2762404.29 Bare soil 
19 340595.73 2764094.13 Asphalt (road) 
20 339328.35 2801693.07 Asphalt (road) 
21 339750.81 2801693.07 Building roof 
22 335526.21 2791554.03 Building roof 

 

Table 4.1: PIF points used for band-by-band regression in Dubai images 

 

The new radiometrically corrected 1984 subset image was created using the 

equation y= mx + b, where y are the radiometrically corrected pixel values in the new 
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1984 subset image, m is the slope of the best fit line from the linear regression, x are the 

input pixel values from the original 1984 subset image, and b is the y-intercept from the 

regression line. A spatial model was created in Erdas Imagine to radiometrically correct 

1984, as shown in Figure 4.3. 

Bands Regression 
with all points Points removed 

Regression 
after points 

removed 
Linear equation 

Band 1 0.93458 12, 17, 18, 19, 14, 10 0.97563 y = 0.4441x + 28.375 
Band 2 0.72634 11, 13, 22, 17, 14, 12, 21, 9 0.97655 y = 0.6904x + 27.885 
Band 3 0.73282 17, 14, 13, 22, 11, 9, 12, 21 0.96119 y = 0.7411x + 26.023 
Band 4 0.74837 14, 17, 13, 22, 11, 9, 12, 21 0.96468 y = 0.6083x + 15.592 
Band 5 0.64518 14, 17, 18, 13, 22, 12, 9, 21, 19 0.95971 y = 0.3772x + 15.309 
Band 7 0.73286 14, 13, 22, 17, 12, 21 0.95505 y = 0.6851x + 9.0414 

 

Table 4.2: Summary of linear regression from PIF points in Dubai 1984 and 2003 images 

 
Removal of these outliers resulted in a significantly improved linear relationship between 

the two images based on the remaining PIF points, although the range of brightness 

values was reduced. Furthermore, the new radiometrically corrected 1984 image was 

visually improved, which was tested by randomly comparing pixel values between the 

1984 images before and after applying the relative normalization linear regression 

method. The new resulting image  resulted in improved accuracy and reliability in the 

change detection analysis.  

As shown in Table 4.2, PIF points that were considered as outliers and then 

removed were relatively similar for each band, and had a very similar order of removal. 

In addition, most of PIF points that were eliminated as outliers were building roofs or 

asphalt of roads, which indicated the effect of the sun angle in the differences in 

reflectance. However, points of deep water were never indicated as outliers due to their 
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consistent reflectance. Care should be taken in further studies when picking and choosing 

building roofs and asphalt of roads as PIF points, taking into consideration atmospheric 

conditions and the elevation of the buildings. 

 

 

 
 

Figure 4.1: Scatterplots of all the 22 PIF points with linear regressions for each band in 
Dubai 1984 and 2003 images 
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Figure 4.2: Scatterplots of PIF points of Dubai images in 1984 and 2003 with linear 
regressions for each band after removing the outliers 
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Figure 4.3: Spatial Model to radiometrically correct 1984 image 

 
After completing the relative normalization for Dubai images in 1984 and 2003, 

PIF points were collected for Las Vegas images in 1984 and 2003. Similarly, pixel 

values, X,Y coordinates, and surface types were documented in SPSS for all bands except 

band 6. Table 4.3 shows the X and Y coordinates and surface types of the 22 PIF point 

collected in the Las Vegas images. Also, the linear regression equations were calculated 

and scatterplots were generated for each individual band in both images. The 2003 image 

was used as the reference image, and the 1984 image was radiometrically corrected 

relative to the 2003 image. Then, outliers were eliminated on a band-by-band basis by 

examining the studentized residuals. Figure 4.4 shows scatterplots of all the 22 PIF points 

for each band in Las Vegas images. Table 4.4 represents the regression values for each 

band before and after the removal of outliers and the resulting linear regression equations 

as well as the sequence of removing the outliers. 
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ID X Coordinate Y Coordinate Surface Type 
1 689454 4007647 bare soil 
2 659675 4001393 asphalt (road) 
3 685491 4014985 bare soil 
4 668144 4018303 bare soil 
5 672541 4010639 asphalt (road) 
6 669210 4003200 asphalt (road) 
7 668980 4000881 building roof 
8 667323 4003793 building roof 
9 665764 4001454 asphalt (road) 
10 665643 4001371 bare soil 
11 647726 4015498 bare soil 
12 666876 4022877 bare soil 
13 687962 3981027 building roof 
14 690529 3979493 bare soil 
15 667676 3994012 asphalt (road) 
16 659406 3987366 asphalt (road) 
17 650189 3980489 bare soil 
18 661253 3999406 asphalt (road) 
19 662150 4000560 building roof 
20 667615 4001545 asphalt (road) 
21 669305 3999992 asphalt (road) 
22 671515 4001010 asphalt (road) 

 

Table 4.3: PIF points used for band-by-band regression in Las Vegas images 

 

Bands Regression 
with all points Points removed 

Regression 
after points 

removed 
Linear equation 

Band 1 0.98282 4 0.98712 y = 1.1739x - 44.958 
Band 2 0.96153 19, 7, 13, 2 0.98237 y = 1.0736x - 12.909 
Band 3 0.94961 19, 7, 13, 2 0.98345 y = 1.1864x - 19.458 
Band 4 0.95123 19, 7 0.98893 y = 1.0705x - 14.697 
Band 5 0.94771 15, 19, 10 0.98559 y = 1.116x - 28.694 
Band 7 0.90156 19, 7, 15, 3 0.95927 y = 1.09x - 12.659 

 

Table 4.4: Summary of linear regression from PIF points in Las Vegas 1984 and 2003 
images 
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Figure 4.4: Scatterplots of all the 22 PIF points with linear regressions for each band in 
Las Vegas 1984 and 2003 images 
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Figure 4.5: Scatterplots of PIF points of Las Vegas images in 1984 and 2003 with linear 
regressions for each band after removing the outliers. 
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dissimilarities after visual analysis of random pixel values for all bands. Even though the 

removal of outliers improved the regression values between the images, the results of 

applying relative normalization to the Las Vegas images did not provide the desired 

similarities of pixel values. Different approaches were made to investigate how to 

improve the relative normalization method; such as retaining or removing more PIF 

points before radiometrically correcting the images, but the results did not improve and 

were not as expected.  

Upon analyzing the PIF points selected for Las Vegas images, there were several 

potential sources of error that might have affected the results. First, some points were at 

different elevations than the majority of PIF points and so the points had different 

atmospheric thickness. Secondly, half the points, such as building roofs were not on flat 

areas, so the sun angle between the images might affects the results. In addition, the PIF 

points collected for Las Vegas images lacked the wide range of brightness values (BVs) 

of the Dubai images that contained deep-water PIF points. Finally, PIF points of road 

intersections could have different spectral characteristics between the two images due to 

road maintenance and asphalt repair. Heo and Fitzhugh (2000) suggested that PIFs points 

should have approximately equal elevation, be located on flat areas, have constant 

appearance and spectral characteristics between the two dates, and have a wide range of 

brightness values for more reliable regression models. Attempts were made to re-select 

the PIF points in Las Vegas images, but deep water did not exist in the study area. Also, 

it was difficult to select unchanged points of the same elevation since Las Vegas had 

experience significant urban expansion, and Landsat images with spatial resolution of 30 
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m did not provide sufficient resolution to identify points with constant elevation and 

spectral characteristics in unchanged urban areas.  

An absolute radiometric correction method was then selected to replace the 

proposed relative normalization method in this paper after the resultant images did not 

provide the expected outcomes. Even though radiometric correction is an important phase 

prior to applying change detection techniques, selecting one radiometric normalization 

method over another was not an essential aspect of this paper, which investigates the 

most suitable urban change detection technique for desert cities. The absolute radiometric 

correction method used was Improved Dark Object Subtraction, the cosine of the solar 

zenith angle i.e. COS(TZc) or (COST), proposed by Chavez (1996) to radiometrically 

and atmospherically correct images. The main inputs to the model are the Earth-Sun 

Elevation Distance, sun elevation angle, and minimum DN values for each band. The 

model first converts each minimum DN value to an at-satellite minimum spectral 

radiance value. The radiance is computed by the following equation: 

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

QCAL refers to the minimum DN value for each band, QCALMAX equals to 255, and 

LMAXλ and LMINλ are constants of the satellite. For each band, the theoretical radiance 

of a dark object is assumed to have a reflectance of 1%, and is calculated using the 

following equation: 

Lλ, 1% = 0.01 * d2 * cos2 θ / (π * ESUNλ) 

ESUNλ indicates the mean solar exo-atmospheric spectral irradiance, d is the sun-earth 

distance, and θ is solar zenith angle (90 – solar elevation angle). Then, haze correction is 

calculated from the dark object values using the following equation: 



 

 44 

Lλ ,haze = Lλ,min - Lλ,1% 

The radiance image is then converted into reflectance by the following equation: 

ρ = π * d2 * (Lλ sat - Lλhaze) / ESUNλ * cos2 θ 

The output of this COST model is pixels in reflectance units that range from 0 to 1. 

 All Landsat images for Dubai and Las Vegas were radiometrically and 

atmospherically corrected using the COST model, which provided better results than the 

relative normalization method after visual comparison of random pixel values. A 

spreadsheet and spatial model were obtained from Arizona Remote Sensing Center 

(2012), and utilized to apply the radiometric and atmospheric correction to all Landsat 5 

TM and Landsat 7 ETM+. However, the spreadsheet and spatial model were developed 

for Landsat 5 TM, and Landsat 7 ETM+ has different constants values than Landsat 5 

TM. So after applying the radiometric and atmospheric correction to Landsat 5 TM 

images, the constant values in the spreadsheet and spatial model were modified for 

accurate radiometric and atmospheric correction of Landsat 7 ETM+ images. Thorough 

demonstrations of steps undertaken for the radiometric and atmospheric correction of 

both satellites are presented in Appendix A. 

After applying the radiometric and atmospheric correction to the images, all the 

images of both cities were subsetted to cover only the cities’ boundaries and apply urban 

change detection techniques. Figure 4.6 shows the subsetted images for Dubai and Las 

Vegas in 2003 that only cover the extent of the urban areas boundaries. In addition, the 

two Landsat 7 ETM+ images of Dubai in 2010 were mosaicked to fill the gaps caused by 

the failure of the SLC, as shown in Figure 4.7. 
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Figure 4.6: The radiometrically corrected and subsetted images in 2003 for Dubai (left) 
and Las Vegas (right) 

 

 
 

Figure 4.7: Dubai images in 2010 before (top) and after (bottom) applying the gap filling 
method 
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4.1.1. Georeferencing 

 The KH-9 image was first subsetted to cover only Dubai city, and then 

georeferenced to the Landsat and IKONOS images from 2003. Seven GCPs were used 

for the georeference process, and resulted in RMSE of 0.051 pixels. The high resolution 

ortho-images from 2003 were mosaicked together and then georeferenced to the NAIP 

images from 2010. Due to the huge volume and quantities of the high resolution ortho-

images in 2003, several attempts were unsuccessful to mosaic all the images, and two 

separate mosaicked images resulted that cover the north and south part of Las Vegas.  

The north and the south parts were georeferenced using 19 and 23 GCPs with RMSE of 

9.98 pixels and 8.719 pixels, respectively, as indicated in Appendix G. Although the 

RMSE values were larger than expected, the georeferenced images were sufficiently 

placed on the same locations as the reference images for the purpose of accuracy 

assessment. The NHAP photos from 1983 were then mosaicked and georeferenced to the 

high resolution ortho-images from 2003 using 8 to 10 GCPs, and resulted in 

approximately 0.1 to 0.2 RMSE values. 

4.2. Urban Change Detection 

4.2.1. Post-Classification Comparison 

 The post-classification comparison for Dubai was based on supervised 

classification using five classes: water, soil, desert, urban, and vegetation. As for Las 

Vegas, the images were classified using supervised classification into four classes: soil, 

desert, urban, and vegetation. Appendix B shows the results of the classification for both 

cities. A python script tool was developed in ArcGIS to generate the urban changes using 

the classified images and report the areas of change. Also, an additional python script tool 
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was developed to create the change matrix to study the urban changes in both cities for 

each year. Both python scripts are presented in Appendix D along with screenshots for 

the script tools. 

 The results of post-classification comparison methods are shown in Figure 4.8. 

The areas of urban changes were calculated and generated by the script tools as indicated 

in Table 4.5. Dubai experienced much higher urban growth percentage form 1984 to 

2003 with 124% than Las Vegas, which had 94% urban growth. However, Las Vegas had 

larger urban growth with respect to absolute area with 444 sq km over Dubai that had 288 

sq km. From 2003 to 2010, Las Vegas displayed larger absolute urban growth and higher 

percentage growth with 246 sq km and 60% over Dubai that had 150 km and 42%, 

respectively. This might indicate how the oil and gas industry in Dubai supported the 

local economy and attracted local citizens to move from sub-urban areas to the cities, 

especially from 1984 to 2003. 

 
Dubai Las Vegas 

1984 -2003 2003 -2010 1984 -2003 2003 -2010 
No Change 129 261 229 611 

Increase 288 150 444 246 
Increase % 124% 42% 94% 60% 

   

Table 4.5: Urban areas of changes in square kilometers  

 
The major urban expansion in Dubai from 1984 to 2003 mainly occurred along 

the coast with the development of resorts and the Palm Jumeira Island in the southwest, 

as shown in Figure 4.8, which explains how tourism played a major role in urban 

expansion in Dubai. In addition, urban growth occurred in the far south that relates to the 

development of the seaport, and in the south and east towards the desert. The change 
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matrix table demonstrates that urban expansion was in soil and desert areas with 208 sq 

km and 77 sq km, respectively. In addition, the table revealed that urban areas were 

developed over the water that explains the Palm Jumeira Island, and some water covers 

replaced urban areas, indicating the development of fountains and artificial canals in the 

city. It also showed that some vegetation covers became present over soil, urban and 

desert, with areas of 7 sq km, 3 sq km, and 3 sq km, respectively, which demonstrates the 

development of parks or a golf club for the citizens and tourists. 

 

 
Figure 4.8: Post-classification comparison results 
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Although, the urban expansion in Dubai from 2003 and 2010 was less than from 

1984 to 2003, urban developments along the coast in the southeast were still in progress 

to develop resorts for tourism attractions, and the Palm Jabel Ali and World Islands are 

examples of tourism industry expansions in Dubai. The change matrix table showed that 

urban areas were developed over the soil and desert with areas of 84 sq km and 28, 

respectively. Furthermore, the table reveled that an area of 37 sq km in the water were 

presented as urban areas, which indicates the development of the artificial islands. The 

vegetation covers were developed over the urban, desert and soil with areas of 54 sq km 

and 21 sq km, and 20 sq km, respectively. 

The urban expansion in Las Vegas from 1984 to 2003 was towards the desert in 

the north and the southwest of the city, as shown in Figure 4.8, with extremely minor 

urban developments in the east. Even though Las Vegas experienced rapid urbanization 

with an area of 444 sq km and 94% increase, the urban growth was restricted by the 

existence of the mountains around the city, especially toward the east. The change matrix 

table indicated that urban expansion occurred in desert and soil with areas of 310 sq km 

and 122 sq km. Moreover, the table indicated that some urban areas were replaced with 

vegetation cover with an area of 2 sq km that suggested the development of a golf club in 

the city for citizens and to support the tourism industry. Additionally, vegetation cover 

occurred over desert and soil covers with areas of 15 sq km and 3 sq km. 

The urban development in Las Vegas from 2003 to 2010 experienced less growth 

compared to the urbanization from 1984 to 2003; with an area of 246 sq km and 60% 

increase towards the north and the southwest of the city. The change matrix table 

demonstrated that the major urbanization was present over desert covers with an area of 
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189 sq km, whereas the remaining urban growth occurred over soil cover with an area of 

53 sq km. Also, the table demonstrated that vegetation cover was developed over desert 

and urban cover with areas of 6 sq km and 8 sq km, which implied new expansions of 

golf clubs in the city. 

4.2.2. Principal Component Analysis 

Principal component analysis was applied to all multi-temporal images for both 

cities after combining four bands from each date to study urban change detection. 

Principal components were then intensively and individually analyzed visually to 

highlight the urban changes. In most cases, the first principal component did not provide 

any change information, while the seventh and eighth principal components provided 

change information about desert and soil, which is insignificant to the purpose of this 

study. Moreover, PCA demonstrated great ability to highlight the changes in vegetation 

cover in all the images. 

PCA change analysis from 1984 to 2003 in Dubai indicated that low values of the 

second principal component highlighted new urban and vegetation development, and 

high values related to loss of water and soil covers. For the third principal component, 

low values highlighted soil covers with no change, while high values showed new 

vegetation covers. In the fourth principal component, low values indicated urban growth 

and high values displayed new vegetation developments. In the fifth principal 

component, low values were associated with loss of soil covers, and high values were 

related to vegetation covers with no change. PCA of Dubai from 2003 and 2010 revealed 

that low values of the second principal component were associated with new soil covers, 

and high values indicated new water and vegetation covers. For the fourth principal 
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component, low values highlighted new water covers that related to the development of 

new artificial lakes and fountains, while high values showed vegetation covers with no 

change. High values of the third principal component were associated with new urban 

developments, whereas low values of the sixth principal component highlighted new 

vegetation covers. 

PCA change analysis from 1984 to 2003 in Las Vegas suggested that low values 

of the second principal component were associated with loss of soil covers. For the third 

component, high values indicated urban areas with no change, while low values 

highlighted loss of vegetation. For the fourth principal component, low values were 

associated with development of vegetation covers, and high values were associated with 

loss of vegetation. For the sixth principal component, low values highlighted loss of 

urban areas, while high values indicated urban expansion. PCA of Las Vegas from 2003 

to 2010 showed that low values of the second principal component were associated with 

loss of soil covers, and high values were associated with new soil covers. For the third 

principal component, high values displayed vegetation cover with no change, and high 

values revealed urban areas with no change. For the fourth principal component, low 

values indicated new developments of vegetation cover, while high values were 

associated with loss of vegetation cover. For the sixth principal component, low values 

were associated with urban growth in the city.  
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Figure 4.9: PCA multi-temporal images of Dubai (top) and Las Vegas (bottom) 1984-
2003 (left) and 2003-2010 (right) 

 
The PCA of multi-temporal images are shown in Figure 4.9 with the second, the 

third, and the fourth principal components loaded for the Red, Green, and Blue (RGB) 

colors in Dubai images, while the second, the third, and the sixth were loaded for RGB 

colors in Las Vegas images. The light green color in the PCA multi-temporal image of 

Dubai and Las Vegas from 1984 to 2003 was associated with no change in urban areas, 

while the dark green color was related to urban growth. In 2003-2010 PCA change image 

of Dubai, the green color represented no change of urban areas, and the yellow color 



 

 53 

demonstrated urban expansion. For PCA change images in Las Vegas from 2003 to 2010, 

the dark blue color was associated with urban growth, whereas the cyan color displayed 

urban areas with no change. 

 

 
 

Figure 4.10: PCA urban change detection results 

 

 Landsat images from different dates and reference data were used for additional 

visual support in order to classify PCA multi-temporal images. The images were then 

classified into two classes for urban covers: no change and increased. Initially, the 

supervised classification method was used for the images; however, the unsupervised 

classification method was utilized for Dubai PCA multi-temporal images for two reasons. 
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First, PCA multi-temporal images were extremely challenging to classify and highlight 

classes for change detection analysis, and using the unsupervised method might assist in 

minimizing the analyst’s classification errors. The other reason is to identify the most 

suitable approach to providing accurate classification results for PCA multi-temporal 

change images. The unsupervised classifications of 30 classes chosen in Dubai were 

visually interpreted and analyzed to produce only two urban classes: no change and 

increased. The classification results of PCA change images from 1984 to 2003 and from 

2003 to 2010 are shown in Figure 4.10 for Dubai and Las Vegas. 

Compared to post-classification comparison results, the classification results of 

PCA approach presented visually similar urban change patterns in both cities. Urban 

expansions in Dubai were displayed along the coast towards the southwest, and towards 

the desert in the east and the south of the city. Nevertheless, the Jumeira Palm Island was 

classified as no change from 1984 to 2003, while it should have been an increase in urban 

area. On the other hand, Las Vegas classification results also showed urban expansion 

towards the desert in the north, the west and the south of city, however, some desert 

covers were classified as no change from 1984 to 2003. 

4.2.3. Accuracy Assessment 

Each change detection method applied in this study was assessed in order to find 

the most suitable method for measuring urban change using aerial photos and medium 

resolution satellite images. Initially, 200 random points were selected to apply for 

accuracy assessment; however, some points were generated over different land covers, 

such as water, desert and soil. As a result, each random point that was generated on a land 

cover other than urban areas was ignored. Also, some random points were ignored in the 
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process of assessing the accuracy of urban change detection techniques in Dubai from 

1984 to 2003 due to the absence of high resolution images for Dubai in 1984, as only 

KH-9 images were available in 1980. 

 

Overall Accuracy Dubai 
1984 - 2003 

Dubai 
2003 - 2010 

Las Vegas 
1984 -2003 

Las Vegas 
2003 – 2010 

Post-classification comparison 90.91% 87.88% 94.74% 89.80% 

Principal component analysis 83.92% 71.72% 54.89% 46.94% 
 

Table 4.6: Overall accuracies of urban change detection methods in Dubai and Las Vegas 

 
Error matrices, and producer’s and user’s accuracies are presented in Appendix H 

for each urban change detection technique applied in Dubai and Las Vegas. Table 4.6 

shows the overall accuracies of post-classification comparison and principal component 

analysis results. The post-classification comparison method presented higher and more 

accurate results than the principal component analysis method in Dubai and Las Vegas 

for all the years in the study. The accuracy of the post-classification comparison method 

ranged from 86.88% to 94.74%; this is expected as the method is extremely dependent on 

the user’s skill and accuracy in the classification process. On the other hand, the accuracy 

of the principal component analysis technique varied from 46.94% to 83.92%, and the 

results from the Dubai images were clearly more accurate than those from Las Vegas. 

This can be easily understood by the use of an unsupervised classification method on the 

Dubai images, whereas a supervised classification method was utilized on the Las Vegas 

images. Applying supervised classification on PCA multi-temporal images was 

problematic, as extreme and intensive visual analysis were required to identify the 

unchanged urban regions and areas that had experienced urban expansion. As a result, the 
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unsupervised classification method was much easier to apply on PCA multi-temporal 

images than supervised classification, and provided more accurate outcomes. 

The error matrices and producer’s accuracy revealed that both urban change 

detection techniques provided more accurate results in highlighting unchanged urban 

regions than in detecting urban expansions areas. One of the reasons for this outcome can 

be explained by the process of selecting random points. Most points were placed on the 

central regions of the study areas, which was unchanged, due to the extent of the 

available high resolution images and aerial photos. Nevertheless, user’s accuracy was 

inconsistent in which outcome was more accurate.  In some cases unchanged regions 

were detected better than urban expansion was, but in other cases the opposite was 

true.  Because some random points were ignored during the accuracy assessment process 

(those that existed on land covers other than urban areas), the user’s accuracy has error 

associated with it.  If all points were included in the assessment the user’s accuracy might 

have provided more consistent and useful information. However, the main objective of 

this study was to find the most suitable urban change detection technique by computing 

the overall accuracy so this inconsistency was deemed unimportant. 
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5. Discussion and Conclusion 

5.1. Summary of the results 
 
Two change detection techniques were used and assessed in this study to find the 

most suitable and accurate method for urban change detection applications in desert cities 

using Landsat Images. Dubai and Las Vegas were selected as study areas, since they are 

both arid and desert cities and have experienced rapid urban, economic and population 

growth in the past decades as a result of the tourism industry. The two change detection 

techniques selected in this study for urban applications were post-classification 

comparison and principal component analysis, since they provide more accurate results 

than most other urban change detection techniques as indicated in the literature review. In 

addition, only little research has investigated and assessed change detection techniques 

for urban change detection applications, and research in analyzing change detection 

methods in desert cities is very limited.  

The relative normalization method used for radiometric correction in this study 

provided efficient results for urban change detection applications in the Dubai images; 

however, it failed to produce good results for the Las Vegas images. Visual analysis of 

random points showed dissimilarities in pixels for all bands. Even though different 

approaches were applied to improve the relative normalization method for the Las Vegas 

images, the results did not improve and were not as expected. Potential sources of error 

that might have affected the results are different elevations of PIF points selected and the 

absence of deep water, which might improve the results. Since the accuracy of the 

radiometric correction process might influence the results of the principal component 
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analysis, the Improved Dark Object Subtraction (COST) method was selected instead, as 

an absolute radiometric correction process. 

The results of accuracy assessment in this research showed that a post-

classification comparison technique provided more accurate results to identify unchanged 

urban regions and highlight urban sprawl in Dubai and Las Vegas than principal 

component techniques. Initially, the principal component analysis method was expected 

to produce more accurate results, since this method reduces the amount of redundant data 

in the original image and has the ability to highlight overall brightness of urban areas for 

change detection applications. Nevertheless, the post-classification comparison technique 

delivered more accurate results that ranged from 87.88% to 94.74%, while the principal 

component analysis process provided results with accuracies that varied widely from 

46.94% to 83.92%. The reason for variations in such accuracies is the utilization of an 

unsupervised classification process on PCA multi-temporal images over a supervised 

classification process. The PCA multi-temporal images were challenging to interpret and 

to apply a supervised classification process, while unsupervised classification helped to 

highlight spectral variations and link them to different land cover changes. 

5.2. Discussion of Findings 
 

Each change detection technique used and assessed in this paper for urban 

expansion and sprawl had its own strengths and weaknesses, as summarized in Table 5.1. 

The post-classification comparison technique is straightforward, simple to implement, 

and easy to interpret. The analyst can choose the number of classes to be studied and 

tested. Moreover, it reduces the effects of atmospheric, sensor and environment 

differences between multi-temporal images, and accurate radiometric correction is often 
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not required. It also provides useful information and direct description on the nature of 

change by producing a matrix of change. However, this method is highly dependent on 

the analyst’s skill and accuracy to classify the original images, and could be time 

consuming if there are many classes to define. In order to improve the accuracy of 

classification, training data can be used to familiarize the analyst with the study area 

characteristics and environment. 

 

Technique Post-classification comparison Principal component analysis 

Strengths 

Straightforward and easy to apply, 
and simple to interpret. Analyst can 
choose the number of classes to be 
studied and tested. Reduces the 
effects of atmospheric, sensor and 
environment variations between 
multi-temporal images. Provides 
useful information on the type of 
change and a matrix of change can be 
produced. 

Minimizes data redundancy between 
bands with relatively minor loss of 
overall information content. Ability to 
detect even small spectral variations 
between multi-temporal images. 

Weaknesses 

Highly dependent on the analyst’s 
expertise and accuracy to classify the 
original images. Time consuming if 
there are many classes to classify. 

Scene dependent, and hence requires 
accurate radiometric correction. Very 
complex and time consuming to 
classify the multi-temporal images 
and to interpret the type of change. 
Requires familiarity with the study 
area and spectral characteristics of 
land cover classes. Cannot provide 
matrix of change information. 

Comments 

Familiarity with the study area and 
sufficient training data can improve 
the results. 

Unsupervised classification is 
recommended to classify PCA multi-
temporal images. 

 

Table 5.1: Summary of strengths and weaknesses of each urban change detection 
technique 
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On the other hand, principal component technique minimizes the redundancy 

between bands with relatively minor loss of overall information content. Also, it can 

detect and highlight even small spectral variations between multi-temporal images, which 

mostly relate to land cover changes over time. Nonetheless, this method is scene 

dependent, thus requires accurate radiometric correction of the original images. It is very 

complex and time consuming to classify PCA multi-temporal images, and to interpret the 

type of change. It often requires familiarity with the study area and spectral 

characteristics of land cover classes. Unlike post-classification comparison, this method 

cannot directly provide matrix of change information. It is worth noting that unsupervised 

classification process is recommended for classifying PCA multi-temporal images over 

supervised classification, as the former produced more accurate results in this study.  

It was anticipated that change detection techniques would produce more accurate 

results in Dubai than Las Vegas. Dubai has more desert cover and little vegetation due to 

the arid and dry environment where urban areas can be easily interpreted and classified 

with the assumption of their low reflectance compared to other land cover types. Even 

though PCA provided more accurate results in Dubai than Las Vegas, this can be 

attributed to the utilization of the unsupervised classification method in Dubai as opposed 

to the differences in physical environment between the cities. Nonetheless, both urban 

change detection techniques produced better results in Dubai between 1984 and 2003 

than between 2003 and 2010, as presented above in Table 4.6, where more desert land 

covers existed in the former period. As a result, the presence of desert land cover cannot 

completely be concluded to improve the urban change detection results in this study, and 

further research is necessary whether to prove this hypothesis or not. 
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There are potential sources of errors in some aspects of this study that are 

necessary to highlight in order to improve the results for further research. First of all, 

classification errors in both techniques might affect the accuracy due to the relatively 

medium spatial resolution of Landsat images used in this study. Some areas, such as 

water and soil land covers, were classified as urban due to similar spectral characteristics 

of such land covers to urban features and buildings that have different rooftops. In 

addition, urban land covers tend to contain complex mixtures of other land cover types, 

such as vegetation, soil, concrete, asphalt, and metal, which makes accurately classifying 

urban features that are smaller than the spatial resolution of the image difficult. This issue 

is referred in the research as sub-pixel mixing (or the mixed pixel problem), and some 

attempts have been made to overcome this problem and improve the accuracy by 

including ancillary information, such as textural and contextual information. Moreover, 

classification of PCA multi-temporal images showed some errors related to roads that had 

been repaired, which indicated the difference in spectral characteristics of newly repaired 

roads might have affected the results accuracy. 

The high resolution images and aerial photos used in this study as reference data 

for accuracy assessment covered smaller areas than the extent of the study areas. 

Furthermore, reference data from 1984 had lower spatial resolutions than those from 

2003 and 2010. Using high resolution images and aerial photos that cover a larger areal 

extent could allow placing more random points for accuracy assessment process, and 

might have provided more accurate results. Even though user’s accuracies were 

calculated for each urban change detection technique, the results were not analyzed in 

this study because random points that fell into land cover types other than urban areas 
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were ignored. In order to analyze and interpret user’s accuracies, such random points 

need to be correctly classified. 

5.3. Implications of Research 
 

The results of this paper indicate the rapid urban growth in Dubai and Las Vegas 

over the past three decades. This urban expansion relates to high population growth and 

rapid development of the tourism industry. However, tools for assessing the negative 

effects of urban sprawl are essential for local and regional land managers and policy 

makers. Remote sensing data and change detection methods can provide useful tools for 

analyzing and quantifying the extent of land cover changes due to urbanization. Remote 

sensing data covering large areas can be provided free or relatively inexpensively, are 

easy to acquire, and simple to analyze. It is hoped this study will help to expand the 

awareness of how remote sensing and change detection methods can be useful in 

providing accurate results for analyzing urban change. Specifically, this project proposes 

the use of one decidedly effective and accurate change detection approach, post-

classification, in the study of change detection in highly arid environments. These 

applications have the advantage of time and cost savings, such as automating the process 

of detecting land encroachments by oil companies’ reservations and pipeline corridors by 

utilizing post-classification method for urban change detection application. Post-

classification method can be also used for creating and updating land cover geographic 

data. 
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Appendix A: Landsat 5 TM and 7 ETM+ Atmospheric and Radiometric Correction 

The following steps were adopted from Arizona Remote Sensing Center. 

First, obtain the relevant values for your scene: 

• The sun elevation angle is entered in decimal-degrees (sun elevation angle = 90° - 
solar zenith angle). See below for instructions to obtain Sun Elevation Angle for 
your image. 

• Earth-sun distance (d) is in astronomical units (AU), and generally ranges from 
about 0.9 to 1.1, with several decimal places. See below for instructions to obtain 
the Earth-Sun distance at the time your scene was acquired. 

• Minimum DN values are presumed to represent dark objects in the image. Follow 
this link to a new window that describes a preferred method for minimum DN 
selection.  

The values that you will need to modify in the graphical model are Lhaze, sun elevation 
angle, and Earth-Sun distance. The initial inputs for the model are entered into an Excel 
spreadsheet, in which the Lhaze value will be computed for you once the other values are 
entered. NOTE: If the computed Lhaze is negative, it is probably due to a minimum DN 
that is too small - in this case, enter '0' (zero) in the model equation for this parameter 
rather than the negative value. 

The COST model for TM5 images runs from an Imagine graphical model. Download this 
to your working directory and open it in Imagine Modeler> Model Maker. 

The graphical model looks like the image shown below. Modify the top and bottom icons 
to represent the input and output images, respectively. Modify the equation in each of the 
icons (circles) in the second row using the values from the spreadsheet for bands 
1,2,3,4,5,7 in that order, left to right. Do not modify anything else. This example equation 
is also shown in the Excel file. For each band, modify the colored/underlined portions 
only, using values from the corresponding columns in the spreadsheet. 

Save the spreadsheet and the modified graphical model with your image. Then run the 
model by clicking on the red 'lightning bolt' icon in the modeler window. Wait - it could 
take up to an hour for an entire scene. 
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Appendix B: Image Classifications 
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Appendix C: Urban Change Detection Model 

 

ArcGIS model for urban change detection used for Post-Classification Comparison 
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Appendix D: Change Detection Script Tools 

Change Detection Matrix Script 
 
import arcpy, sys 
from arcpy import env 
 
env.overwriteOutput = True 
 
try: 
    # Allow the user to choose the before and after feature classes and the output folder 
    beforeFC = arcpy.GetParameterAsText(0) 
    afterFC = arcpy.GetParameterAsText(1) 
    outFolder = arcpy.GetParameterAsText(2) 
    env.workspace = outFolder + "\\" 
    outputFC = arcpy.GetParameterAsText(3) 
 
    # Check if both feature classes have the same projection 
    descBefore = arcpy.Describe(beforeFC) 
    beforeSR = descBefore.spatialReference 
    descAfter = arcpy.Describe(afterFC) 
    afterSR = descAfter.spatialReference 
 
    # If the input feature classes do not have the same projection 
    # Report a message and exit the code 
    if beforeSR.Name != afterSR.Name: 
        arcpy.AddMessage("The raster datasets have different projections. Please re-project first") 
        sys.exit() 
 
    # Run Dissovle tool on the two feature classes 
    beforeFCD = "beforeFC_dissolved.shp" 
    afterFCD = "afterFC_dissolved.shp" 
    arcpy.Dissolve_management(beforeFC, beforeFCD, "Class_Name") 
    arcpy.Dissolve_management(afterFC, afterFCD, "Class_Names") 
 
    # Run Union tool 
    union = "Union.shp" 
    arcpy.Union_analysis([beforeFCD, afterFCD], union) 
 
    # Make a feature layer 
    arcpy.MakeFeatureLayer_management(union, "unionLyr") 
 
    # Create a new feature class based on the query 
    query = '"Class_Na_1" <> ' + " '' " + "OR" + '"Class_Name" <> ' + "''" 
    arcpy.SelectLayerByAttribute_management("unionLyr", "NEW_SELECTION", query) 
    unionFC = "unionFC.shp" 
    arcpy.CopyFeatures_management("unionLyr", unionFC) 
 
    # Add Change field 
    changeField = "Change" 
    arcpy.AddField_management(unionFC, changeField, "TEXT") 
 
    # Add Change SqKm field and calcuate the area 
    changeAreaField = "ChangeSqKm" 
    expression = "!SHAPE.area@SQUAREKILOMETERS!" 
    arcpy.AddField_management(unionFC, changeAreaField, "FLOAT") 
    arcpy.CalculateField_management(unionFC, changeAreaField, expression, "PYTHON") 
 
    # Write the matrix change information into a user specified text file 
    filePath = arcpy.GetParameterAsText(4) 
    file = open(filePath, "w") 
 
    rowsFC = arcpy.UpdateCursor(unionFC) 
    #rowsFC = arcpy.UpdateCursor(union) 
    row = rowsFC.next() 
 
    while row: 
        beforeCls = row.getValue("Class_Name") 



 

 77 

        afterCls = row.getValue("Class_Na_1") 
 
        # Write the change information to each record and report the area     
        if beforeCls == afterCls: 
            row.setValue(changeField, "No Change in " + beforeCls) 
            file.write("The area of " + beforeCls + " that had not been changed is " + str(row.getValue(changeAreaField)) + " Square 
Kilometers\n") 
            arcpy.AddMessage("The area of " + beforeCls + " that had not been changed is " + str(row.getValue(changeAreaField)) + " 
Square Kilometers") 
        else: 
            row.setValue(changeField, "From " + beforeCls + " To " + afterCls) 
            file.write("The area of " + beforeCls + " that had been changed to " + afterCls + " is " + str(row.getValue(changeAreaField)) + 
" Square Kilometers\n") 
            arcpy.AddMessage("The area of " + beforeCls + " that had been changed to " + afterCls + " is " + 
str(row.getValue(changeAreaField)) + " Square Kilometers") 
         
        # Update each row 
        rowsFC.updateRow(row) 
        row = rowsFC.next()    
 
    # Delete the redundant fields and create the new ouput 
    arcpy.DeleteField_management(unionFC, ["FID_before","FID_afterF", "Class_Name", "Class_Na_1"]) 
    arcpy.CopyFeatures_management(unionFC, outputFC) 
 
    file.close() 
    del rowsFC 
 
except: 
    arcpy.AddError("Could not complete the tool") 
    arcpy.AddMessage(arcpy.GetMessages(2)) 
 

 
 

Change Detection Matrix Script Tool 
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Urban Change Detection Script 

#This tool applies a change detection process on two feature classes from different times based on 'Urban' land cover. The input 
should include land cover 'Class' attribute. The output of this tool is a feature class with three records: No change, Increased and 
decreased along with the areas of change in square kilometers 
 
import arcpy, sys 
from arcpy import env 
env.overwriteOutput = True 
 
try: 
    # Allow the user to choose the before and after feature classes and the output folder 
    beforeFC = arcpy.GetParameterAsText(0) 
    afterFC = arcpy.GetParameterAsText(1) 
    outFolder = arcpy.GetParameterAsText(2) 
    env.workspace = outFolder + "\\" 
    outputFC = arcpy.GetParameterAsText(3) 
 
    # Check if both feature classes have the same projection 
    descBefore = arcpy.Describe(beforeFC) 
    beforeSR = descBefore.spatialReference 
    descAfter = arcpy.Describe(afterFC) 
    afterSR = descAfter.spatialReference 
 
    # If the input feature classes do not have the same projection 
    # Report a message and exit the code 
    if beforeSR.Name != afterSR.Name: 
        arcpy.AddMessage("The feature classes have different projections. Please use Reproject tool") 
        sys.exit() 
 
    # Run Dissovle tool on the two feature classes 
    beforeFCD = "beforeFC_dissolved.shp" 
    afterFCD = "afterFC_dissolved.shp" 
    arcpy.Dissolve_management(beforeFC, beforeFCD, "Class_Name") 
    arcpy.Dissolve_management(afterFC, afterFCD, "Class_Names") 
 
    # Make feature layers for both feature classes 
    arcpy.MakeFeatureLayer_management(beforeFCD, "bUrbLyr") 
    arcpy.MakeFeatureLayer_management(afterFCD, "aUrbLyr") 
 
    # Apply select by attribute tool based on the land cover class 
    query = "Class_Name" + " = 'urban'" 
    query2 = "Class_Name" + " = 'urban'" 
    arcpy.SelectLayerByAttribute_management("bUrbLyr", "NEW_SELECTION", query) 
    arcpy.SelectLayerByAttribute_management("aUrbLyr", "NEW_SELECTION", query2) 
 
    # Create new feature classes based on the query 
    beforeUrb = "beforeUrban.shp" 
    afterUrb = "afterUrban.shp" 
    arcpy.CopyFeatures_management("bUrbLyr", beforeUrb) 
    arcpy.CopyFeatures_management("aUrbLyr", afterUrb) 
 
    # Run Union tool 
    unionFC = "Union.shp" 
    arcpy.Union_analysis([beforeUrb, afterUrb], unionFC) 
 
    # Add Change field 
    changeField = "Change" 
    arcpy.AddField_management(unionFC, changeField, "TEXT") 
 
    # Add Change SqKm field and calcuate the area 
    changeAreaField = "ChangeSqKm" 
    arcpy.AddField_management(unionFC, changeAreaField, "FLOAT") 
    expression = "!SHAPE.area@SQUAREKILOMETERS!" 
    arcpy.CalculateField_management(unionFC, changeAreaField, expression, "PYTHON") 
 
    rowsFC = arcpy.UpdateCursor(unionFC) 
    row = rowsFC.next() 
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    while row: 
        beforeCheck = row.getValue("FID_before") 
        afterCheck = row.getValue("FID_afterU") 
 
        # Write the change information to each record and report the area     
        if beforeCheck == afterCheck: 
            row.setValue(changeField, "No Change") 
            row.setValue("Class_Name", "Urban") 
            arcpy.AddMessage("The area of Urban that had not been changed is " + str(row.getValue(changeAreaField)) + " Square 
Kilometers") 
 
        elif beforeCheck > afterCheck: 
            row.setValue(changeField, "Decrease") 
            row.setValue("Class_Name", "Urban") 
            arcpy.AddMessage("The area of Urban that had  been decreased is " + str(row.getValue(changeAreaField)) + " Square 
Kilometers") 
 
        elif beforeCheck < afterCheck: 
            row.setValue(changeField, "Increase") 
            row.setValue("Class_Name", "Urban") 
            arcpy.AddMessage("The area of Urban that had  been indreased is " + str(row.getValue(changeAreaField)) + " Square 
Kilometers") 
 
         
        # Update each row 
        rowsFC.updateRow(row) 
        row = rowsFC.next() 
 
    # Delete the redundant fields and create the new ouput 
    arcpy.DeleteField_management(unionFC, ["FID_before","FID_afterU", "Class_Name", "Class_Na_1"]) 
    arcpy.CopyFeatures_management(unionFC, outputFC) 
    del rowsFC 
 
except: 
    arcpy.AddError("Could not complete the tool") 
    arcpy.AddMessage(arcpy.GetMessages(2))     
 
 

 

Urban Change Detection Script Tool 
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Appendix E: Change Matrices 

Dubai 1984 – 2003 Change Marix 
Change Area (KmSq) 

From desert To soil 61 
From desert To urban 77 
From desert To vegetation 3 
From desert To water 0 
From soil To desert 106 
From soil To urban 208 
From soil To vegetation 7 
From soil To water 1 
From urban To desert 2 
From urban To soil 16 
From urban To vegetation 3 
From urban To water 7 
From vegetation To desert 0 
From vegetation To soil 0 
From vegetation To urban 1 
From vegetation To water 0 
From water To soil 4 
From water To urban 3 
From water To vegetation 0 
No Change in desert 791 
No Change in soil 258 
No Change in urban 129 
No Change in vegetation 1 
No Change in water 1005 
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Dubai 2003 – 2010 Change Marix 

Change Area (KmSq) 
No Change in water 932 
No Change in vegetation 7 
No Change in urban 261 
No Change in soil 48 
No Change in desert 712 
From water To vegetation 0 
From water To urban 37 
From water To soil 3 
From water To desert 0 
From vegetation To water 0 
From vegetation To urban 1 
From vegetation To soil 0 
From vegetation To desert 0 
From urban To water 0 
From urban To vegetation 54 
From urban To soil 4 
From urban To desert 22 
From soil To water 0 
From soil To vegetation 20 
From soil To urban 84 
From soil To desert 79 
From desert To vegetation 21 
From desert To urban 28 
From desert To soil 12 
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Las Vegas 1984 – 2003 Change Marix 
Change Area (KmSq) 

No Change in desert 1010 
From desert To soil 37 
From desert To urban 310 
From desert To vegetation 15 
From soil To desert 61 
No Change in soil 96 
From soil To urban 122 
From soil To vegetation 3 
From urban To desert 40 
From urban To soil 3 
No Change in urban 229 
From urban To vegetation 2 
From vegetation To desert 3 
From vegetation To soil 0 
From vegetation To urban 12 
No Change in vegetation 6 

 
 

Las Vegas 2003 - 2010 Change Marix 
Change Area (KmSq) 

No Change in desert 843 
From desert To soil 76 
From desert To urban 189 
From desert To vegetation 6 
From soil To desert 5 
No Change in soil 77 
From soil To urban 53 
From soil To vegetation 1 
From urban To desert 50 
From urban To soil 4 
No Change in urban 611 
From urban To vegetation 8 
From vegetation To desert 2 
From vegetation To soil 0 
From vegetation To urban 4 
No Change in vegetation 20 
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Appendix F: Random Points for Accuracy Assessment 

 

 
 

Random points in Dubai to assess the accuracy of urban change detection techniques 
from 1984 to 2003 
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Random points in Dubai to assess the accuracy of urban change detection techniques 
from 2003 to 2010 
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Random points in Las Vegas to assess the accuracy of urban change detection techniques 
from 1984 to 2003 
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Random points in Las Vegas to assess the accuracy of urban change detection techniques 
from 2003 to 2010 
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Appendix G: GCP Points of Georeferencing 

 
GCP X Input Y Input X Reference Y Reference X Residual Y Residual RMSE Contribution 

GCP #1 3.841 0.978 325682.707 2797033.018 -0.009 -0.033 0.035 0.677 

GCP #2 4.417 0.972 325069.100 2793766.402 0.003 -0.016 0.016 0.322 

GCP #3 5.703 0.743 322606.000 2786802.080 0.002 0.022 0.022 0.437 

GCP #4 5.273 1.228 325732.244 2788767.597 0.005 0.040 0.040 0.792 

GCP #5 4.573 2.282 331341.339 2792019.496 -0.014 -0.101 0.102 1.992 

GCP #6 3.731 2.315 333273.564 2796406.282 0.008 0.057 0.058 1.133 

GCP #7 3.446 2.024 331934.257 2798257.898 0.004 0.031 0.031 0.607 

 
GCP points used for georeferencing the KH9 images of Dubai in 1980 

 
 

 
GCP X Input Y Input X Reference Y Reference X Residual Y Residual RMSE Contribution 

GCP #1 819926.394 26792380.400 677189.241 4013265.793 0.083 0.227 0.242 0.061 

GCP #2 820230.52 26775749.310 677354.564 4008195.501 0.078 1.312 1.314 0.334 

GCP #3 815104.628 26759957.630 675864.643 4003355.840 -0.394 -3.013 3.038 0.772 

GCP #4 814809.787 26731343.030 675901.108 3994637.126 0.033 0.653 0.654 0.166 

GCP #5 794138.997 26729307.430 669609.400 3993925.399 -0.055 -1.058 1.060 0.269 

GCP #6 771151.800 26728099.620 662605.205 3993458.307 -0.014 0.501 0.502 0.127 

GCP #7 769899.912 26749511.180 662129.898 3999976.453 0.520 -0.454 0.691 0.175 

GCP #8 767017.722 26759505.790 661207.175 4003006.480 -0.498 -6.680 6.698 1.701 

GCP #9 766351.921 26759891.250 661001.626 4003123.308 -3.667 0.553 3.709 0.942 

GCP #10 756013.214 26759962.400 657853.567 4003103.389 2.981 6.421 7.079 1.798 

GCP #11 735308.475 26759711.230 651548.870 4002936.245 -0.481 -1.482 1.558 0.396 

GCP #12 736064.980 26791225.790 651634.439 4012537.566 0.848 0.219 0.876 0.222 

GCP #13 735961.740 26783120.970 651645.358 4010071.557 0.215 1.750 1.763 0.448 

GCP #14 750528.902 26790810.780 656043.372 4012477.199 -4.992 -6.420 8.132 2.066 

GCP #15 758867.136 26791339.750 658585.508 4012678.155 4.876 5.663 7.473 1.898 

GCP #16 777402.548 26789622.410 664242.056 4012233.985 -1.412 1.580 2.119 0.538 

GCP #17 799864.104 26790761.720 671084.389 4012679.486 -0.112 -1.991 1.994 0.506 

GCP #18 795532.327 26759378.900 669900.040 4003095.933 1.024 5.072 5.175 1.314 

GCP #19 770687.027 26775423.410 662257.154 4007876.694 0.982 -2.827 2.993 0.760 

 
GCP points used for georeferencing the north part of Las Vegas high resolution ortho-

images in 2003 
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GCP X Input Y Input X Reference Y Reference X Residual Y Residual RMSE Contribution 

GCP #1 819880.935 26723207.400 677475.928 3992182.785 -7.801 -1.777 8.001 0.918 

GCP #2 818345.791 26727804.880 676991.754 3993571.730 5.306 2.327 5.794 0.664 

GCP #3 808661.973 26723397.790 674061.291 3992189.708 2.581 1.421 2.946 0.338 

GCP #4 801317.856 26723739.460 671822.906 3992260.828 4.767 2.941 5.602 0.642 

GCP #5 782027.723 26723016.330 665945.909 3991955.743 4.064 5.367 6.732 0.772 

GCP #6 765709.453 26723725.780 660964.218 3992096.295 -4.753 -7.637 8.995 1.032 

GCP #7 735398.988 26724608.730 651716.951 3992237.168 -2.037 1.104 2.317 0.266 

GCP #8 736675.622 26734250.780 652071.108 3995180.069 3.615 3.224 4.844 0.556 

GCP #9 736335.053 26743527.200 651926.547 3998000.245 -7.692 -9.578 12.284 1.409 

GCP #10 736339.652 26759043.130 651865.036 4002730.563 4.102 2.489 4.798 0.550 

GCP #11 742550.412 26759048.610 653752.789 4002761.057 -9.539 3.031 10.009 1.148 

GCP #12 748209.818 26759546.670 655476.141 4002935.698 -4.561 -5.874 7.437 0.853 

GCP #13 758021.470 26759583.470 658470.019 4002990.822 12.013 -2.420 12.255 1.405 

GCP #14 767020.298 26759508.370 661207.788 4003006.088 -0.624 0.391 0.736 0.084 

GCP #15 766904.602 26748585.330 661220.741 3999679.914 -10.029 6.072 11.724 1.345 

GCP #16 766800.153 26738272.460 661235.327 3996536.137 -8.059 1.396 8.179 0.938 

GCP #17 766666.739 26730060.850 661227.461 3994034.061 -14.364 3.092 14.693 1.685 

GCP #18 796439.472 26727902.910 670316.169 3993501.467 -2.459 -10.392 10.679 1.225 

GCP #19 776419.921 26727854.080 664216.080 3993403.500 4.076 1.345 4.292 0.492 

GCP #20 755290.073 26733806.420 657751.870 3995126.422 14.577 3.809 15.066 1.728 

GCP #21 753006.549 26740485.730 657026.447 3997149.705 10.012 -3.046 10.465 1.200 

GCP #23 754890.205 26746684.680 657571.632 3999046.528 2.577 -4.050 4.800 0.551 

GCP #22 741747.349 26751649.270 653545.090 4000504.168 4.227 6.767 7.979 0.915 

 
GCP points used for georeferencing the south part of Las Vegas high resolution ortho-

images in 2003 
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Appendix H: Error Matrices and Producer’s and User’s Accuracies 

 
 
 

 
Ground Truth 

 Class Unchanged Increased Total 
Unchanged 75 9 84 
Increased 1 55 56 
Others 0 3 3 
Total 76 67 143 

 
Producer's Accuracy User's Accuracy Overal 

Accuracy 90.91% Unchanged 98.68% Unchanged 89.29% 
Increased 82.09% Increased 98.21% 

 
Post-classification comparison method in Dubai from 1984 to 2003 

 
 
 

 
Ground Truth 

 Class Unchanged Increased Total 
Unchanged 70 10 80 
Increased 0 50 50 
Others 6 7 13 
Total 76 67 143 

 
Producer's Accuracy User's Accuracy Overal 

Accuracy 83.92% Unchanged 92.11% Unchanged 87.50% 
Increased 74.63% Increased 100.00% 

 
PCA method in Dubai from 1984 to 2003 
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Ground Truth 

 Class Unchanged Increased Total 
Unchanged 55 4 59 
Increased 0 32 32 
Others 5 3 8 
Total 60 39 99 

 
Producer's Accuracy User's Accuracy Overal 

Accuracy 87.88% Unchanged 91.67% Unchanged 93.22% 
Increased 82.05% Increased 100.00% 

 
Post-classification comparison method in Dubai from 2003 to 2010 

 
 
 

 
Ground Truth 

 Class Unchanged Increased Total 
Unchanged 54 9 63 
Increased 0 17 17 
Others 6 13 19 
Total 60 39 99 

 
Producer's Accuracy User's Accuracy Overal 

Accuracy 71.72% Unchanged 90.00% Unchanged 85.71% 
Increased 43.59% Increased 100.00% 

 
PCA method in Dubai from 2003 to 2010 
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Ground Truth 

 Class Unchanged Increased Total 
Unchanged 64 4 68 
Increased 2 62 64 
Others 1 0 1 
Total 67 66 133 

 
Producer's Accuracy User's Accuracy Overal 

Accuracy 94.74% Unchanged 95.52% Unchanged 94.12% 
Increased 93.94% Increased 96.88% 

 
Post-classification comparison method in Las Vegas from 1984 to 2003 

 
 

 
Ground Truth 

 Class Unchanged Increased Total 
Unchanged 52 1 53 
Increased 2 21 23 
Others 13 44 57 
Total 67 66 133 

 
Producer's Accuracy User's Accuracy Overal 

Accuracy 54.89% Unchanged 77.61% Unchanged 98.11% 
Increased 31.82% Increased 91.30% 

 
PCA method in Las Vegas from 1984 to 2003 
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Ground Truth 

 Class Unchanged Increased Total 
Unchanged 125 2 127 
Increased 8 7 15 
Others 5 0 5 
Total 138 9 147 

 
Producer's Accuracy User's Accuracy Overal 

Accuracy 89.80% Unchanged 90.58% Unchanged 98.43% 
Increased 77.78% Increased 46.67% 

 
Post-classification comparison method in Las Vegas from 2003 to 2010 

 
 
 

 
Ground Truth 

 Class Unchanged Increased Total 
Unchanged 67 1 68 
Increased 2 2 4 
Others 69 6 75 
Total 138 9 147 

 
Producer's Accuracy User's Accuracy Overal 

Accuracy 46.94% Unchanged 48.55% Unchanged 98.53% 
Increased 22.22% Increased 50.00% 

 
PCA method in Las Vegas from 2003 to 2010 
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Appendix I: Landsat 7 SLC-off Gap Filling and Mosaicking Method 

 
The following steps were acquired from USGS website: 
http://landsat.usgs.gov/sci_an.php 
 

1. Use model-maker to add each band in Image 1 to the corresponding band in 
Image 2. The following statement says:  Where Image 1 > 0, use Image 1 data, 
otherwise, use Image 2. Image 2 data will fill the gaps in Image 1.  Use the 
following syntax (this example is for Band 5) in the model: EITHER 
$n1_l71015033_03320070515_b50 IF ( $n1_l71015033_03320070515_b50 > 0) 
OR $n2_l71015033_03320070531_b50 OTHERWISE 
  

2. Then you can layer stack, or leave the files as individual bands. Note: these 
directions do not include radiometric matching. 

 

 

Spatial Model used for gap filling and mosaicking Dubai Landsat images in 2010 
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