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11
Land-Use and Land-Cover Change Detection

Dengsheng Lu, Emilio Moran, Scott Hetrick, and Guiying Li

11.1 Introduction

Change detection is the process of identifying differences in the state of an object or 
phenomenon by observing it at different times (Singh 1989). Timely and accurate change 
detection of Earth’s surface features provides the foundation for a better understand-
ing of the relationships and interactions between human and natural phenomena in 
order to better manage and use resources. The advantages of repetitive data acquisi-
tion, its synoptic view, and a digital format suitable for computer processing have made 
remotely sensed data the major data sources for different change detection applications 
during the past decades (Lu et al. 2004; Kennedy et al. 2009). In general, change detec-
tion involves the application of multitemporal data sets to quantitatively analyze the 
temporal effects of the phenomena of interest. Good change detection research should 
provide the following information: area change and rate of change, spatial distribution 
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274 Advances in Environmental Remote Sensing

of changed types, change trajectories of  land-cover types, and accuracy assessment of 
change detection results (Lu et al. 2004).

The objective of change detection is to compare spatial representation of two points in 
time by controlling all variances caused by differences in variables that are not of interest 
and to measure changes caused by differences in the variables of interest (Green, Kempka, 
and Lackey 1994). The basic premise in using remotely sensed data for change detection 
is that changes in the objects 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, viewing angles, and soil moisture (Deer 1995). 
In practice, many factors, such as the quality of image registration, the quality of atmo-
spheric correction or normalization between multitemporal images, the complexity of the 
landscape and topography under investigation, the analyst’s skill and experience, and 
the selected change detection methods, can affect change detection results (Lu et al. 2004; 
Jensen 2005). Errors and uncertainties may come from different steps taken, such as in 
image preprocessing and selection of the change detection algorithm. It is important to 
understand the major steps in implementing the change detection procedure and to reduce 
errors or uncertainties in each step. Different authors have often arrived at different and 
sometimes controversial conclusions about which change detection techniques are most 
effective. Therefore, in this chapter, we describe the major steps used in the change detec-
tion procedure and provide a case study showing how to use change detection techniques 
to solve practical problems.

11.2 overview of Change Detection Procedure

There are two categories of changes: changes between classes and changes within classes. A 
change between classes is a conversion of land cover from one category to a completely dif-
ferent category, for example through deforestation or urbanization. A change within classes 
is a modification of the condition of the land-cover type within the same category, for exam-
ple through selective logging (Lu et al. 2004). The change detection procedure can be based 
on per-pixel, subpixel, or object-oriented methods, which require different image processing 
and change detection algorithms. The research objectives, remote sensing data used, and the 
geographical size of the study area can affect the design of the change detection procedure, 
including the use of different image processing methods and change detection techniques 
(Lu et al. 2004; Jensen 2005). In general, at a local scale, object-oriented methods are useful for 
reducing the spectral variation within the same land cover when very high spatial resolu-
tion images such as QuickBird or IKONOS are available. At a regional scale, per-pixel-based 
methods are often used when medium spatial resolution images such as Landsat Thematic 
Mapper (TM) images are available. For a national and global scale at which coarse spatial 
resolution images such as Moderate Resolution Imaging Spectroradiometer (MODIS) and 
Advanced Very High Resolution Radiometer (AVHRR) images are available, subpixel-based 
change detection techniques may provide better results than per-pixel-based techniques 
due to the mixed-pixel problem. However, in practice, per-pixel-based techniques are still 
the most common methods for land-cover change detection at different scales because the 
image processing techniques and change detection algorithms are mainly based on per-
pixel data analysis. Therefore, this section mainly focuses on the per-pixel-based change 
detection procedure. Figure 11.1 illustrates the major steps and corresponding contents for 
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the change detection procedure. The following subsections provide a brief description for 
each step.

11.2.1 Nature of Change Detection Problems

Before change detection is conducted in a specific study area, it is very important to clearly 
define the research problems that need solving, the objectives, and the location and size of 
the study area (Jensen 2005). These issues directly affect the selection of remotely sensed 
data and the selection of change detection algorithms. It is helpful to list some questions, 
for example, the kinds of change detection contents that are required: binary change and 
nonchange information, detailed “from-to” change trajectories, or the detection of continu-
ous change. What is the accuracy overall and for each change detection trajectory? How 
large is the study area? What is the change detection period? What kinds of remote sensing 

Major steps

Nature of change
detection problems

Selection of change
detection algorithms

Evaluation of change
detection results

Main contents

• Research problems and objectives
• Geographic location and size
• Time period
• Category of change detection
• Accuracy requirement

• Geometric rectification and registration
• Radiometric and atmospheric correction
• Topographic correction if needed

• Per-pixel-based processing such as image
 transformation and vegetation indices
• Subpixel based processing such as
 spectral mixture analysis
• Image classification

• Understanding major characteristics of
 different remote sensing data
• Consideration of atmospheric and
 environmental conditions
• Characteristics of the study area

• Understanding the characteristics of
 change detection algorithms
• Selection of suitable algorithms
• Comparison of different algorithms if
 needed

• Determination of sampling strategy and
 sample size
• Collection of reference data
• Accuracy assessment

Selection of remotely
sensed data

Image preprocessing

Image processing or
classification

Figure 11.1
Major steps and corresponding main contents for a remote sensing-based land-cover change detection 
procedure.
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data and/or ancillary data are available? Based on these questions, one can identify  specific 
research questions and objectives. After that, one can design a change detection procedure 
suitable for the specific study area and purpose.

11.2.2 Data Collection

Many remotely sensed data generated from both airborne and spaceborne sensors with 
different spatial, radiometric, spectral, and temporal resolutions, are available. In order 
to select suitable data sets for a specific study, it is important to understand the strengths 
and weaknesses of different types of sensor data. Some previous literature has reviewed 
the characteristics of the major types of remote sensing data (Barnsley 1999; Estes and 
Loveland 1999; Althausen 2002; Lefsky and Cohen 2003). For example, Barnsley (1999) and 
Lefsky and Cohen (2003) summarized the characteristics of different remote sensing data 
in spectral, radiometric, spatial and temporal resolutions, polarization, and angularity. The 
user’s need, scale and characteristics of the study area, availability of various image data 
and their characteristics, cost and time constraints, and the analyst’s experience in using 
the selected image may be the most important factors affecting the selection of remotely 
sensed data for a specific study area (Lu et al. 2004; Lu and Weng 2007). In general, at a 
local level, a fine-scale land-cover change scheme is required; thus, high spatial resolution 
data such as IKONOS, QuickBird, and SPOT 5 HRG (High-Resolution Geometric) data are 
helpful. At a regional scale, medium spatial resolution data such as Landsat TM and Terra 
Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) are the most 
frequently used data sources. On a continental or global scale, coarse spatial resolution 
data such as AVHRR, MODIS, and SPOT VEGETATION are preferable.

For a successful implementation of a change detection analysis using remotely sensed 
data, careful considerations of the remote sensor system, environmental characteris-
tics, and image processing methods are important. The temporal, spatial, spectral, and 
radiometric resolutions of remotely sensed data have a significant impact on the suc-
cess of a remote sensing change detection project. The important environmental factors 
include atmospheric conditions, soil moisture conditions, and phenological characteris-
tics (Weber 2001; Jensen 2005). When selecting remote sensing data for change detection 
applicat ions, it is important to use the same sensor, radiometric, and spatial resolution 
data with anni versary or very near anniversary acquisition dates in order to eliminate 
the effects of external sources, such as sun angle, seasonal, and phenological differences. 
However, in a specific study, selection of the same sensor data may be difficult, especially 
in moist tropical regions due to often cloudy conditions. Thus, the use of different sensor 
data for change detection is required (Lu et al. 2008a). Detailed descriptions about the 
considerations of remote sensing systems and environmental characteristics before imple-
menting a change detection study are available in previous literature, such as Coppin and 
Bauer (1996), Biging et al. (1999), and Jensen (2005).

11.2.3 image Preprocessing

Before implementing a change detection analysis, the following two conditions should be 
satisfied: (1) precise coregistration between multitemporal images and (2) precise radio-
metric and atmospheric calibration or normalization between multitemporal images. 
The importance of accurate geometric registration of multitemporal images is obvious, 
because largely spurious results of change detection are produced if there is misregistra-
tion (Townshend et al. 1992; Dai and Khorram 1998; Stow 1999; Verbyla and Boles 2000; 
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Carvalho et al. 2001; Stow and Chen 2002). Many textbooks have detailed the description 
of image-to-map rectification or image-to-image registration (e.g., Jensen 2005).

The same invariant objects could have different spectral signatures in different 
acquisition-date images due to different sun elevation angles and azimuth angles, vegeta-
tion phenological conditions, soil moisture, and atmospheric conditions. In such a case, 
the conversion of digital numbers to radiance or surface reflectance is a requirement for 
quantitative analyses of multitemporal images. A variety of methods, such as relative cali-
bration, dark object subtraction, and 6S (second simulation of the satellite signal in the 
solar spectrum) have been developed for radiometric and atmospheric normalization or 
correction (Markham and Barker 1987; Gilabert, Conese, and Maselli 1994; Chavez 1996; 
Stefan and Itten 1997; Vermote et al. 1997; Tokola, Lofman, and Erkkila 1999; Heo and 
FitzHugh 2000; Yang and Lo 2000; Song et al. 2001; Du, Teillet, and Cihlar 2002; Lu et al. 
2002; McGovern et al. 2002; Vicente-Serrano, Perez-Cabello, and Lasanta 2008; Chander, 
Markham, and Helder 2009). If the study area is rugged or mountainous, topographic cor-
rection may be necessary. More detailed information about topographic correction is avail-
able in Teillet, Guindon, and Goodenough (1982), Civco (1989), Colby (1991), Meyer et al. 
(1993), and Lu et al. (2008b).

11.2.4 image Processing and Classification

Change detection can be conducted using spectral bands or derived images such as vegeta-
tion indices and transformed images. For example, much previous research has indicated 
the usefulness of the visible red-band images in change detection analysis (Jensen and Toll 
1982; Fung 1990; Chavez and Mackinnon 1994; Lu et al. 2005) because vegetation has low 
reflectance, but impervious surfaces or soils have high reflectance in this band. However, a 
single band cannot reflect all changed information due to the complex landscapes. For many 
situations, use of transformed images or vegetation indices can be more effective in extract-
ing the differences of changed features than single spectral bands (Lu et al. 2005). Image 
transformation is often used to reduce data redundancy and the number of image channels 
so that the information contents are concentrated in a few transformed images (Jensen 2005). 
Different techniques have been developed to transform the multispectral data into a new 
data set. Principal component analysis (PCA), tasseled cap, minimum noise fraction, wavelet 
transform, and spectral mixture analysis (Myint 2001; Okin et al. 2001; Rashed et al. 2001; 
Asner and Heidebrecht 2002; Lobell et al. 2002; Neville et al. 2003; Landgrebe 2003; Platt 
and Goetz 2004; Lu et al. 2008a) are among the most commonly used techniques. Vegetation 
indices are recommended for removing the variability, which is caused by canopy geometry, 
soil background, sun view angles, and atmospheric conditions when measuring biophysical 
properties (Elvidge and Chen 1995; Blackburn and Steele 1999). Many vegetation indices have 
thus been developed and applied to biophysical parameter studies (Anderson and Hanson 
1992; Anderson, Hanson, and Haas 1993; Eastwood et al. 1997; Mutanga and Skidmore 2004). 
Vegetation indices are often used for land-cover change detection, especially for vegetation 
change.

For many applications, detailed land-cover change trajectories are required; thus, 
classification-based change detection techniques, such as postclassification comparison, are 
often used. Scientists and practitioners have made great efforts to develop advanced classifi-
cation approaches and techniques for improving classification accuracy (Gong and Howarth 
1992; Kontoes et al. 1993; Foody 1996; San Miguel-Ayanz and Biging 1997; Aplin, Atkinson, 
and Curran 1999; Stuckens, Coppin, and Bauer 2000; Franklin et al. 2002; Pal and Mather 
2003; Gallego 2004; Lu and Weng 2007; Blaschke 2010; Ghimire, Rogan, and Miller 2010). 
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Much previous literature has been specifically concerned with image  classification (Tso and 
Mather 2001; Landgrebe 2003). Lu and Weng (2007) provided a comprehensive up-to-date 
review of classification approaches and techniques. Since classification results are the 
required data sets for detecting detailed land-use and land-cover “from-to” change tra-
jectories, high classification accuracies are critical for change detection because  individual 
 classification accuracy will affect the change detection accuracy.

11.2.5 Selection of Change Detection Algorithms

For a given research purpose, when the remotely sensed data and study areas are identi-
fied, selection of an appropriate change detection method has considerable significance 
in producing a high-quality change detection product. Some techniques, such as image 
differencing, can only provide change or nonchange information, whereas other tech-
niques, such as postclassification comparison, can provide a complete matrix of change 
directions. In general, change detection techniques can be roughly grouped into two cat-
egories: (1) those detecting binary change or nonchange information, such as using image 
differencing, image ratioing, vegetation index differencing, and PCA and (2) those detect-
ing detailed “from-to” change trajectory, such as using the postclassification comparison 
and hybrid change detection methods (Lu et al. 2004). Previous literature has reviewed 
many change detection techniques (Singh 1989; Coppin and Bauer 1996; Yuan, Elvidge, 
and Lunetta 1998; Serpico and Bruzzone 1999; Coppin et al. 2004; Lu et al. 2004; Jensen 
2005; Kennedy et al. 2009). Lu et al. (2004) grouped change detection methods into seven 
categories: (1) algebra, (2) transformation, (3) classification, (4) advanced models, (5) geo-
graphic information system approaches, (6) visual analysis, and (7) other approaches, and 
summarized the major characteristics, advantages, and disadvantages for the selected 
techniques. Due to the importance of monitoring changes among Earth’s surface features, 
the research of change detection techniques has long been an active topic, and new tech-
niques are constantly appearing.

When implementing change or nonchange detection, one critical step is to select appro-
priate thresholds in both tails of the histogram representing the changed areas (Singh 1989). 
Two methods are often used for the selection of thresholds (Singh 1989; Yool, Makaio, and 
Watts 1997): (1) interactive procedure or manual trial-and-error procedure—an analyst 
interactively adjusts the thresholds and evaluates the resulting image until satisfied; and 
(2) statistical measures—selection of a suitable standard deviation from the mean. The two  
disadvantages of the threshold technique are (1) the resulting differences may include 
external influences caused by atmospheric conditions, sun angles, soil moistures, and phe-
nological differences in addition to true land-cover change; and (2) the threshold is highly 
subjective and scene dependent, depending on the analyst’s familiarity with the study 
area and skill (Lu et al. 2004, 2005). When implementing the detailed “from-to” change 
detection, the results are mainly dependent on the classification accuracy for each date 
being analyzed (Jensen 2005). In other words, classification errors from the individual-date 
images will affect the final change detection accuracy. The critical step is to develop an 
accurate classification image for each date.

In practice, an analyst often selects several methods to implement change detection in a 
study area and then compares and identifies the best result through accuracy assessment 
(Muchoney and Haack 1994; Michener and Houhoulis 1997; Macleod and Congalton 1998; 
Yuan and Elvidge 1998; Mas 1999; Dhakal et al. 2002; Lu et al. 2005). Although a large 
number of change detection applications have been implemented and different change 
detection techniques have been tested, the question of which method is best suited for 
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a specific study area remains unanswered. No single method is suitable for all cases. The 
method selected depends on an analyst’s knowledge of the change detection methods and 
skills in handling remote sensing data, the image data used, and characteristics of the 
study areas.

11.2.6 evaluation of Change Detection results

Accuracy assessment for change detection is particularly difficult due to problems in col-
lecting reliable temporal field-based data sets; thus, much previous research on change 
detection did not provide a quantitative analysis of the research results. Standard accu-
racy assessment techniques have been developed mainly for single-date remotely sensed 
data. Previous literature has provided the meanings and calculation methods for these 
elements (Congalton, Oderwald, and Mead 1983; Congalton 1991; Janssen and van der 
Wel 1994; Kalkhan, Reich, and Czaplewski 1997; Biging et al. 1999; Smits, Dellepiane, and 
Schowengerdt 1999; Congalton and Plourde 2002; Foody 2002; Congalton and Green 2008). 
The error matrix-based accuracy assessment method is the most common and valuable 
method for the evaluation of change detection results. In addition, some new methods 
have been developed to analyze the accuracy of change detection (Morisette and Khorram 
2000; Lowell 2001). Morisette and Khorram (2000) used “accuracy assessment curves” to 
analyze satellite-based change detection, and Lowell (2001) developed an area-based accu-
racy assessment method for the analysis of change maps. A monograph titled “Accuracy 
assessment of remotely sensed-derived change detection,” edited by Siamak Khorram 
(Biging et al. 1999), is specifically focused on the accuracy assessment of land-cover change 
detection. This monograph describes the issues affecting the accuracy assessment of land-
cover change detection, identifies the factors of a remote sensing processing system that 
affect accuracy assessment, presents a sampling design to estimate the elements of the 
error matrix efficiently, illustrates possible applications, and gives recommendations for 
accuracy assessment of change detection.

11.3  Case Study for Detecting Urbanization with 
Multitemporal Landsat tM Images

Section 11.2 briefly overviewed the major steps used in the change detection procedure. This 
section provides a case study for showing how to conduct a change detection for examining 
urban expansion based on multitemporal TM images in a complex urban-rural landscape.

11.3.1 research Problem and Objective

Digital change detection in urban environments is a challenge due to three characteristics 
unique to urban areas: (1) urban land-use and land-cover changes usually account for a 
small proportion of the study area and are scattered in different locations; (2) impervious 
surfaces and similar spectral features between impervious surfaces and other nonvegeta-
tion land covers are complex; and (3) the spatial resolution of remotely sensed imagery 
is limited. Although many change detection techniques, such as PCA, image differenc-
ing, and postclassification comparison, can be applied to urban land-use and land-cover 
change detection (Singh 1989; Coppin and Bauer 1996; Coppin et al. 2004; Lu et al. 2004; 
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Kennedy et al. 2009), the detection results are often poor, especially in urban–rural  frontiers. 
Therefore, this research aims to develop a change detection procedure suitable for detect-
ing urbanization in a complex urban–rural frontier, based on the comparison of extracted 
impervious surface data sets from multitemporal Landsat TM images.

11.3.2 Description of the Study Area

Lucas do Rio Verde (hereafter called simply Lucas) in Mato Grosso state, Brazil, has a rela-
tively short history and small urban extent. It was established in the early 1980s (Figure 11.2), 
and has experienced rapid urbanization. This region is connected to the city of Santarém, 
a river port on the Amazon River, and to the heart of the soybean growing area at the city 
of Cuiabá by highway BR-163, which runs through the county. The economic base of Lucas 
is large-scale agriculture, including the production of soy, cotton, rice, and corn, as well as 
poultry and swine. The county is at the epicenter of soybean production in Brazil, and it is 
expected to grow in population threefold in the next 10 years. Because it is, at present, a rela-
tively small town, yet has complex urban–rural spatial patterns derived from its highly cap-
italized agricultural base, large silos and warehouses, and planned urban growth, Lucas is 
an ideal site for exploring techniques for detecting urbanization with remote sensing data.

11.3.3 Methods

After the research objectives were clearly defined, the next step was to select suitable remote 
sensing data and to design a feasible procedure for implementing change detection.

13
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56°30'0''W 56°0'0''W

Lucas do Rio Verde Municipio

This figure shows the location of Lucas do Rio Verde
Municipio in Mato Gross State, Brazil.

The Landsat 5 TM image at right was acquired in
July, 2008. Band 3 is displayed with main roads and
the border of Lucas do Rio Verde Municipio.

Data sources in the figure include Instituto Nacional
de Pesquisas Espaciais, NASA’s Earth observatory
Team and Instituto Brasileiro de Geografia e Estatistica.
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Figure 11.2
Study area—Lucas do Rio Verde Municipio, Mato Grosso state, Brazil.
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11.3.3.1 Data Collection and Preprocessing

Landsat images acquired on June 21, 1984, June 6, 1996, and May 22, 2008 were used in this 
research. Radiometric and atmospheric calibration was conducted using the image-based 
dark-object subtraction (DOS) method. The DOS model is an image-based procedure that 
standardizes imagery for the effects caused by solar zenith angle, solar radiance, and atmo-
spheric scattering (Lu et al. 2002; Chander, Markham, and Helder 2009). The equations 
used for Landsat TM image calibration are

 R
D L L

Eλ
λ λ

λ θ
= × × −

×
PI

[ sun ( ]
haze( )

cos )
.   (11.1)

 L DNλ λ λ λ= × +gain bias   (11.2)

where Lλ is the apparent at-satellite radiance for spectral band λ, DNλ is the digital number 
of spectral band λ, Rλ is the calibrated reflectance, Lλ.haze is path radiance, Esunλ is exo atmo-
spheric solar irradiance, D is the distance between the Earth and sun, and θ is the sun zenith 
angle. The path radiance for each band is identified based on the analysis of water bodies 
and shades in the images. The gainλ and biasλ are the radiometric gain and bias correspond-
ing to spectral band λ, and they are often provided in an image header file or metadata file 
or calculated from maximal and minimal spectral radiance values (Lu et al. 2002). All TM 
images were geometrically coregistered into the UTM projection with geometric errors of 
less than one pixel, so that all images have the same coordinate system. The nearest neighbor 
resampling technique was used to resample the Landsat TM images into a pixel size of 30 m 
× 30 m during image-to-image registration.

11.3.3.2 Mapping of Impervious Surface Distribution

Per-pixel impervious surface mapping is often based on the image classification of spectral 
signatures (Shaban and Dikshit 2001; Dougherty et al. 2004; Jennings, Jarnagin, and Ebert 
2004), but the spectral confusion between impervious surfaces and other land covers often 
results in a poor classification performance in the urban landscape (Lu and Weng 2005), 
especially in a complex urban–rural frontier. This research developed a method based on the 
combination of filtering images and unsupervised classification of Landsat spectral signa-
tures for mapping per-pixel impervious surface distribution. The fact that the red-band image 
in Landsat TM has high spectral values for impervious surfaces, but has low spectral values 
for vegetation and water or wetlands provides the potential for rapidly mapping impervi-
ous surfaces. The minimum and maximum filters with a window size of 3 × 3 pixels were 
separately applied to the Landsat red-band image. The image differencing between maxi-
mum and minimum filtering images was used to highlight linear features (mainly roads) 
and other impervious surfaces. Examining the difference image indicated that a threshold 
value of 13 can be used to extract the impervious surface image. The spectral signature of 
the initial impervious surface image was then extracted and was further classified into 60 
clusters using an unsupervised classification method to refine the impervious surface image 
by removing the nonimpervious surface pixels. Finally, manual editing of the impervious 
surface image was conducted to make sure that all impervious surfaces, especially in urban 
regions, were extracted. The final impervious surface image was overlain on the TM color 
composite to visually examine the quality of the impervious surface results to assure that all 
urban area and major roads were properly extracted. The same method was applied to all 
three dates of TM imagery to generate a time series of impervious surface images.
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11.3.3.3 Detection of Urbanization

Many change detection methods may be used for land-cover change detection (Lu et al. 
2004), but most of them are not suitable for the detection of urbanization due to the unique 
characteristics of the urban landscape. Therefore, the change detection of urbanization 
in this research is based on the comparison of extracted impervious surface images in 
order to eliminate the impacts of spectral confusion between impervious surfaces and 
other land covers, such as between dark impervious surfaces and water or wetland, and 
between bright impervious surfaces and bare soils or harvested fields. Two methods were 
used in this research. The first method was to produce a color composite by assigning the 
2008, 1996, and 1984 impervious surface images as red, green, and blue, for visual interpre-
tation of impervious surface change. Another method was to produce the change detec-
tion result based on a comparison of extracted impervious surface images pixel by pixel. 
The total impervious surface area change was also calculated.

11.3.3.4 Evaluation of Urbanization Results

Accuracy assessment of change detection results is an important part of the change detection 
procedure for understanding the reliability and confidence in the results. In this research, 
quantitative assessment of the change detection was difficult due to the lack of high spatial 
resolution images or field survey data for Landsat TM imagery in 1996 and 1984. Therefore, 
the evaluation of change detection results was based on a cross-comparison between the 
TM color composite and urbanization images. No quantitative evaluation was conducted.

11.3.4 results

Evaluation of the per-pixel impervious surface image based on overlaying it with the TM 
color composite indicated that a combination of filtering images and unsupervised classifi-
cation methods developed in this research can effectively extract the pixel-based impervi-
ous surface image in a complex urban–rural frontier. Figure 11.3 shows where impervious 
surface change occurred between the TM acquisition dates. The impervious surface images 
of 2008, 1996, and 1984 were assigned as red, green, and blue in the color composite; thus, red 
indicates that impervious surfaces increased between 1996 and 2008, and yellow indicates 
that the impervious surface increased between 1984 and 1996. This figure shows that the 
major impervious surface increase between 1984 and 1996 was in central Lucas because it 
was established in the early 1980s, and then, the impervious surface rapidly increased in the 
north, northwest, and south parts of town, and more roads were constructed after 1996.

In per-pixel-based results, each extracted impervious surface pixel is assumed to be 100% 
impervious surface. Thus, the total impervious surface area for this study area can be cal-
culated by multiplying the total pixel number of impervious surfaces and the TM pixel size 
(30 m by 30 m). This research indicates that the total impervious surface area in 1984 only 
accounted for 0.24% of the total study area, which gradually increased to 0.43% in 1996 and 
to 1.29% in 2008, implying rapid urbanization rate during the change detection periods.

11.3.5 Summary of the Case Study

The per-pixel-based method for mapping impervious surface distribution and monitoring its 
change is valuable for visual interpretation of urbanization. The method, based on the com-
bination of filtering image differencing and unsupervised classification, can be successfully 
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used to map impervious surface distribution in the complex urban–rural frontier, which is 
often difficult for traditional classification methods. In addition, the detection of urbaniza-
tion based on the extracted impervious surface images can eliminate the impacts of environ-
mental conditions on remote sensing surface reflectance, which often results in a different 
reflectance for the same land covers. However, the areal extent of impervious surfaces is over-
estimated significantly, especially in the urban–rural frontier due to the mixed-pixel problem 
in Landsat TM images (Wu and Murray 2003; Lu and Weng 2006). From the view of area cal-
culation of urbanization, fractional impervious surface distribution based on subpixel-based 
method, such as spectral mixture analysis, must be developed (Lu and Weng 2006).

11.4 Final Remarks

Change detection has long been an active research topic, and many techniques have been 
developed in recent decades. The availability of more and more different types of sensor 
data and different ancillary data, along with a need for more detailed and accurate change 
detection information, provides new challenges for developing suitable change detection 
techniques for specific purposes. Change detection is a comprehensive procedure that 
requires careful design of different steps, including the statement of research  problems 
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(See color insert following page xxx.) Color composite of three dates of impervious surface distribution in 
2008, 1996, and 1984 by assigning them as red, green, and blue, illustrating the spatial distribution and patterns 
of impervious surface changes.
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and objectives, data collection, preprocessing, selection of suitable change detection algo-
rithms, and evaluation of the results. Errors or uncertainties may emerge from any of the 
different steps, thus affecting the change detection results. Understanding the relation-
ships between the change detection stages, identifying the weakest links in the image 
processing chain, and then devoting efforts to improving them are keys to a successful 
change detection project. In addition, the designed change detection procedure should 
carefully take the spectral and spatial resolutions of the data, polarization, and angle 
features into account. Previous research on change detection is based mainly on per-
pixel comparison. As high spatial resolution images such as QuickBird and WorldView 
become readily available, object-based or texture-based change detection methods may 
provide new insights and have recently attracted increasing attention (Lam 2008; Zhou, 
Troy, and Grove 2008; Blaschke 2010; Wu, Yang, and Lishman 2010).
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