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ABSTRACT 
 
Management concerns within the U.S. have increasingly focused on the degradation of 
water quality and associated resources.  Anthropogenic landscape changes can amplify 
stream velocity and erosion risk, increase contaminant concentrations in aquatic systems, 
and threaten the function and use of water bodies.  Monitoring land use has thus become 
critically important as best management practices must balance agricultural, industrial, 
and urban needs with the protection of aquatic resources.  Given the rates at which 
anthropogenic land use change can occur, watershed monitoring efforts are bolstered by 
the accurate classification of land use/land cover (LU/LC) both at frequent intervals and 
in great detail.  Toward this end, the research described here develops methodologies to 
apply new, high-resolution satellite imagery to detailed LU/LC mapping and change 
detection.   
 
The present study pursued the use of high spatial resolution Quickbird satellite imagery 
in an urban land cover change analysis.  This study builds upon the earlier research was 
that performed in Phase I, to develop accurate and cost-effective methods for determining 
LU/LC in a highly urbanized watershed, using high-resolution Quickbird satellite 
imagery. This work explores the use of a layered classification system for two image 
dates (2002 and 2005) covering the same urban study area and post-classification change 
detection between the two output classifications.  For the change analysis, a number of 
post-processing methods are explored in minimizing spurious change areas due to image 
misclassification and misregistration.   
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PROJECT SUMMARY 

Phase II of “Integration of High Resolution Imagery in Cost-Effective Assessment of 
Land Use Practices Influencing Erosion and Sediment Yield” (WRRI Project #70207) 
builds upon the methodology developed in Phase I which was to develop a methodology 
for classifying high-resolution Quickbird satellite imagery into six land cover categories, 
all of which are critical to water quality analysis.  In Phase I, impervious surface 
classification was particularly accurate.  However, the sixty-one centimeter detail of this 
fused imagery presented new classification challenges, but our approach was very 
effective in achieving both the industry-standard level of accuracy (upwards of 80%) and 
a level of detail that is at the forefront of remote sensing.  We distributed our results to 
the North Carolina Department of Environment and Natural Resources’ Division of 
Water Quality. We have also submitted our findings to peer-reviewed journal and 
presented in various conferences. 

Building on the methodology developed in Phase I, we had repeated our procedure and 
finalized the protocol for its repetition by other users.  Toward this end, we have acquired 
a June 2005 Quickbird image of our study area.  This image covers our 71 km2 area in 
northeast Raleigh, North Carolina, and the data includes 2.44-meter multispectral (blue, 
green, red, and infrared bands) and sixty-one centimeter panchromatic (black and white) 
versions of the image.  We have pre-processed this data in preparation for its 
classification.  After fusing the multispectral and panchromatic imagery using the Cakir-
Khorram method as in Phase I, we geo-registered it to the Phase I June 2002 image to an 
accuracy of sub-meter. 

Following the hybrid supervised/unsupervised classification procedure we developed and 
tested in Phase I, similar results as Phase I were yielded. The major objective of Phase II 
work was to perform 2002/2005 land cover change detection using our high-resolution 
Quickbird data.  A literature review indicated that traditional change detection algorithms 
needed to be revised in order to accommodate the high resolution of our imagery.  Lu et 
al. (2004) summarized the body of change detection literature and highlighted the 
limitations of conventional methods with respect to emerging remotely sensed data 
sources.  In addition, Salas et al. (2003) described a new method for overcoming false 
change detection owing from image misregistration, an issue which has particular 
relevance to high resolution data. 

Other researchers have investigated the use of high resolution imagery for change 
detection, but much of this work is based on aerial photography or extensive digitization 
(Langevin and Stow, 2004; Liu and Zhou, 2004; Prenzel and Treitz, 2004).  In Phase II, 
we have achieved accurate and extensively automated change detection using Quickbird 
imagery in order to provide resource managers and planners with a rapid means of 
updating land cover information at an extraordinary level of detail.  Automated 
production of land cover change maps using remotely sensed data sources usually 
requires post-processing of difference maps generated by simple multi-date map 
comparison.  In particular, geometric misalignment of the input images can significantly 
degrade change map accuracy, a limitation well-explored in remote sensing literature by 
members of our project team (Dai and Khorram, 1998).  As indicated by Lu et al.(2004), 
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conventional techniques for minimizing the impact of image misregistration and other 
sources of change map error was not suitable for use with next-generation, high spatial-
resolution imagery such as that of Quickbird.  

A series of change maps based on a comparison of the 2002 and 2005 maps have been 
finished.  These change maps were post processed to eliminate spurious change using 
image processing operators.  A change map with an overall accuracy of 93% was 
produced.  This represents an extremely good overall accuracy.  Results were presented 
at the meeting of the American Society of Photogrammetry and Remote Sensing in Reno, 
NV, in May 2006.  A second refereed journal article showing these results is in 
preparation to be submitted to a peer reviewed journal.  

Even though the project is officially ending with this report, our efforts to date and in the 
future include continuing to work with local and state agencies, including the North 
Carolina Department of Environment and Natural Resources (NC DENR), by 
disseminating project results and data.  Based on the results of our findings, the NC 
DENR is now exploring further utilization of this technology in their monitoring and 
regulatory efforts.  We will keep exploring additional advantages of fused-image derived 
land cover and land cover change maps over conventional data sources for watershed 
monitoring. 
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1.0 INTRODUCTION 

Urban land cover maps and change analyses have become essential planning tools 

for environmental and municipal managers.  The extent of urban impervious surface, for 

example, has been has been shown to impact water quality (Gburak and Folmar, 1999; 

Tong and Chen, 2002; Carle, et al., 2005), groundwater recharge (Thom, et al., 2001), 

microclimate (Baker, et al., 2002), and flood risk (Smith, et al., 2002).  Schueler (1994) 

has even asserted that there is a threshold of watershed impervious coverage beyond 

which water resources are unilaterally degraded.   

Satellite imagery has increasingly been used in studies of urban land cover and 

environmental quality, as it is readily available and can be relatively affordable (Goetz, et 

al., 2003; Miltner, et al., 2004), although much of it is spatially coarse.  Studies of urban 

stream riparian land cover within a 30 m zone have required the use of high spatial 

resolution aerial photography as a supplement to coarser satellite data (Snyder, et al., 

2003; Roy, et al., 2005).  Although recent work in urban classification (Phinn, et al., 

2002; Yang, et al., 2003) has attempted to add to the utility of coarse satellite imagery 

such as that of Landsat TM through subpixel classification, emerging technology has 

provided an alternate source of high spatial resolution data.   

 The latest commercial satellites, including Space Imaging’s IKONOS (1 m 

panchromatic spatial resolution) and DigitalGlobe’s Quickbird (61 cm panchromatic 

spatial resolution), complement the benefits satellite imagery has over aerial photography 

with equivalently high spatial resolution (Barr and Barnsley, 2000; Cablk and Minor, 

2003).  As its cost decreases, imagery from these sources is becoming increasingly 

attractive to urban land cover mapping efforts (Sawaya, et al., 2003).  Nonetheless, the 

cost, processing time, and storage requirements of such imagery are still formidable.  

These factors will prevent these data sources from extensively meeting the imagery needs 

of local resource managers and planners until their capability to inform and guide policy 

and management decisions is further proven (Fisher and Goetz, 2001). 

As is true of its use for land cover mapping, the use of high resolution imagery for 

change analysis presents a unique set of challenges.  In particular, geographic 

misregistration between images is a huge source of change detection error (Dai and 
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Khorram, 1998).  This issue has particular implications for applications of high resolution 

imagery such as Quickbird (Wang and Ellis, 2005), for which registration accuracy needs 

to approximate the minimum achievable error of Global Position System (GPS) data.     

The present study pursued the use of high spatial resolution Quickbird satellite 

imagery in an urban land cover change analysis.  This work explores the use of a layered 

classification system for two image dates (2002 and 2005) covering the same urban study 

area and post-classification change detection between the two output classifications.  For 

the change analysis, a number of post-processing methods are explored in minimizing 

spurious change areas due to image misclassification and misregistration.   

2.0 LITERATURE 

2.1 New Challenges and Advancements in Remote Sensing: 

Implications for Change Detection and Classification Studies 

Technological advancements bring new challenges and opportunities.  For the 

remote sensing perspective, advancements in sensor technology provide better sensing 

and classification capabilities of our environment with increased resolution (spatial, 

spectral, radiometric, and temporal).  Following section discusses the new opportunities 

and the challenges presented with improved resolution such as the implications of high 

spatial resolution on classification procedures and schemes or change detection studies. 

 Recent advances in the type and quality of remotely sensed data have added a 

whole range of environmental monitoring applications to the remote sensing analyst’s 

capabilities.  Available aerial photography has steadily increased in spatial resolution, 

and new sensors are capturing this data in digital format, eliminating the problematic and 

time-consuming hard- to soft-copy conversion necessary for previous imagery.  For 

satellite sensors, the last decade has been an unprecedented period of increasing data 

abundance, diversity, and quality.  This has been a function of increases in research 

demand as well as the commercialization of satellite data.  Inevitably, new research and 

processing challenges have emerged alongside these data improvements, and the remote 

sensing community has responded with continued innovation and growth. 
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 Specific increases in satellite-derived remote sensing data quality have occurred 

in each of the four components of its resolution.  Spectral resolution, a description of the 

range and partitioning of the electromagnetic reflectance recorded by a sensor, is one of 

these four components.  In this context, sensors can be divided into one of three loose 

classes of spectral sensitivity:  panchromatic (one spectral band), multispectral (multiple 

spectral bands), or hyperspectral (many spectral bands) (Jensen, 2005).   

Traditional satellite-derived remote sensing data is captured in panchromatic or 

multispectral format, with the seven spectral channels of Landsat ETM+ marking the 

high end of satellite spectral resolution in recent years.  However, the emergence during 

the last decade of space-borne platforms that capture spectrally complex data has been a 

revolutionary phenomenon.  While its data is considered multispectral, the Moderate 

Resolution Imaging Spectroradiometer (MODIS) instrument aboard NASA’s Terra (EOS 

AM) and Aqua (EOS PM) satellites is one example of this area of advancement.  MODIS 

has been collecting data since 1999, and it provides 36 discrete spectral channels of 

information (NASA, 2003).  Additionally, ASTER (Advanced Spaceborne Thermal 

Emission and Reflection radiometer) is carried only by the Terra satellite and records 

reflectance in 14 spectral bands (NASA, 2006).  The first satellite equipped with actual 

hyperspectral-recording capability, however, was launched in 2000 by NASA.  The EO-1 

satellite carries Hyperion, a sensor which records data in 220 spectral channels and 

functions as a true imaging spectrometer (USGS, 2006).  Previous to Hyperion, the rich 

information content provided by hyperspectral data had only been produced by airborne 

or field instruments.  Satellite-derived hyperspectral sources are more consistent, 

affordable, and repeatable than their aerial counterparts, and, thus, Hyperion represents a 

huge forward leap for remote sensing. 

Imaging spectroscopy, as the analysis of the spectral profiles recorded in 

hyperspectral data is known, is a powerful tool for discriminating between different types 

of minerals or identifying stressed vegetation, for example.  Challenges in the use of 

hyperspectral data include its volume and processing requirements.  Before this data can 

be used for terrestrial characterization or environmental monitoring, unique spectral 

“endmembers” must be generated to represent the diverse reflectance or emittance 

behavior of potential scene features (Lillesand and Kiefer, 2004).  These challenges are 
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not unique to remotely sensed or space-derived hyperspectral data, but the scale and 

diversity of the landscapes studied with this data result in particularly intense 

computations.  Furthermore, the increased availability and affordability of space-derived 

hyperspectral data has spawned broader interests in its application.  Whereas its 

widespread use had previously been limited to relatively specific fields such as 

mineralogy, the space age of hyperspectral data is opening up new research areas for 

which spectral profiles are not well-defined.  For example, recent work has tried to 

develop a set of hyperspectral profiles for the complex urban landscape (Herold, et al., 

2004).  Other new applications of this data include studies of marine and estuarine water 

quality in Australia (Brando and Dekker, 2003), invasive species in China (Galvao, et al., 

2005), sugarcane species in Brazil (Ramsey, et al., 2005), and forest classification in the 

United States’ Pacific Northwest (Goodenough, et al., 2003).  Because these are all new 

applications of hyperspectral data, they have required rewarding but time-consuming 

developmental work. 

 Other satellite-derived remote sensing data quality improvements have occurred 

recently in the form of increased radiometric resolution.  This is a measure of the range of 

possible data values to which reflectance intensity can be assigned, and it is expressed as 

digital bit depth.  Higher radiometric resolution means that a sensor is more sensitive to 

differences in brightness values (Jensen, 2005).  Conventionally, satellite imagery has 

been stored as 8-bit data, although Advanced Very High Resolution Radiometer 

(AVHRR) and Geostationary Operational Environmental Satellite (GOES) data is stored 

in at least 10-bit format.  These satellites, however, have coarse spatial resolutions (1000-

4000 km) and are primarily used for monitoring global phenomena such as weather 

patterns.  The relegation of higher radiometric resolution data to spatially coarse data has 

been a function of digital storage and processing requirements.  As a result, some 

applications which would have required both high spectral and spatial resolutions have 

been hindered.  Kutser et al. (2005) found that, while 8-bit Landsat 7 imagery was not 

adequate to map colored dissolved organic matter (CDOM) in boreal lakes in Finland, 

11-bit Advanced Land Imager (ALI) data from the EO-1 platform was sensitive enough 

to map CDOM at a wide range of concentrations. 
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 The most recent generation of high spatial resolution satellites, including the 

commercial IKONOS by Space Imaging, Inc., Quickbird by DigitalGlobe, Inc., EROS A 

by ImageSat International N.V., and OrbView-3 by GeoEye all collect imagery in 11-bit 

radiometric depth.  This aspect of this data’s quality is often overshadowed by its spatial 

resolution, but analysts using this data have found that its radiometric quality is an 

extremely important element of its significance (Elvidge, et al., 2004; Kutser, et al., 

2005).  High levels of radiometric resolution continue to present data storage and 

processing concerns, but Rogan and Chen (2004) point out that recent advances in remote 

sensing data quality have been matched with advances in computer hardware and image 

processing software. 

 As has been the case with high radiometric resolution, the highest temporal 

resolutions in satellite data have been limited to sensors with relatively low spatial 

resolution like GOES and AVHRR, whose revisit periods are 15 minutes to 12 hours, 

respectively (NASA, 2006).  This is appropriate to their functional purposes in 

monitoring ever-changing weather and oceanic conditions.  Sensors such as the Landsat 

and SPOT series which have moderate spatial resolutions have revisit periods from 16 to 

26 days.   In the last decade, satellites have been producing higher spatial resolution data 

by traveling at lower orbital altitudes (705 km for Landsat 7 vs. 450 km for Quickbird), 

but this translates into much narrower at-nadir ground swaths (185 km for Landsat 7 vs. 

16.5 km for Quickbird).  More than compensating for this loss of revisit frequency, 

however, these sensors are pointable as much as 30° off-nadir, which means that their 

effective revisit period is from 1-3 days.  Thus, recent increases in spatial and temporal 

resolution have been coupled in some sensors.  This off-nadir acquisition capability also 

enables stereo-pair image capture, which can be used for automated feature and elevation 

extraction.  The disadvantage of off-nadir image capture is that spatial resolution varies in 

the imagery captured by these pointable sensors, and geometric distortions can be severe.  

Both of these complications can require extensive pre-processing time and can ultimately 

limit map accuracy.  Furthermore, these stated revisit periods depend on the availability 

of cloud-free acquisition windows.   

 As mentioned previously, increases in satellite spatial resolutions have been 

exhibited in imagery provided by a number of American commercial ventures, a direct 
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result of the U.S. Government’s 1994 decision to allow such firms to do market this type 

of data (Rogan and Chen, 2004).  In 1999, Space Imaging’s IKONOS satellite was 

launched to acquire landmark one-meter (panchromatic) and four-meter (multispectral) 

image products.  Subsequently, sensors which have matched or exceeded the one-meter 

pixel size threshold have qualified as a part of the new class of high spatial resolution 

platforms.  Most notably, these include Orb-View3 and Quickbird-2 (Maktav, et al., 

2005).  At the same time, aerial-based systems have steadily increased in spatial 

resolution, and many now capture imagery with pixel sizes as small as 30 cm (Thomas, et 

al., 2003).  High resolution satellite imagery has the potential, however, to be a more 

consistent and affordable data source of the same quality.  In addition, satellite-derived 

satellite imagery can capture large areas under identical temporal and atmospheric 

conditions, a task for which aerial sources are not ideally suited (Carleer and Wolff, 

2004).  This is true even in areas that are difficult to service by aircraft. 

 The existing meter- or sub-meter spatial resolution satellite imagery is captured in 

panchromatic or, at its spectral best, in blue-green-red-near infrared multispectral format.  

This represents a potential limitation of this data for applications that are highly sensitive 

to spectral response, such as automated species-level tree mapping.  In general, the 

minimal spectral detail accompanying high spatial resolution imagery may make 

automated image land cover classification difficult because the high level of spatial detail 

will result in increased scene heterogeneity (Carleer, et al., 2005).  Spatially coarse data, 

in contrast, has a smoothing effect on variable spectral responses.  In the same way, high 

spatial detail presents added classification complexity because this imagery can be replete 

with shadows (Fisher and Goetz, 2001; Thomas, et al., 2003; Dare, 2005).  Methods to 

deal with this image complexity are in their infancy, and data storage and processing 

requirements are a concern with this kind of data, as well. 

 As is true for any data type, cost is an important factor in the use of high spatial 

resolution imagery.  Its price has decreased and varied, but multispectral Quickbird data 

has cost as much as $58/km2 since its initial offering in 2000 (Read, et al., 2003).  This is 

more than 27,000 times the per km cost of acquiring Landsat ETM+ data in 2003, 

$0.00213/ km2 (Rogan and Chen, 2004).  This type of imagery expense is much too great 
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for most large-area mapping applications, a conclusion that demonstrates the tradeoffs 

forced during remote sensing data selection.   

 High spatial resolution data presents a particular set of methodological challenges 

in its use for urban land cover classification and change detection.  Urban areas are 

spatially complex, and they represent a mosaic of heterogeneous land uses and land 

covers.  High image spatial detail offers analysts the option of mapping land cover 

directly without deference to land use, a fundamental mapping element for users of 

coarse spatial data.  For instance, McCauley and Goetz (2004) used Landsat TM data and 

a decision tree classifier to map residential land use along a low-high gradient of 

development intensity.  Such an approach acknowledges that urban land use is diverse at 

scales smaller than 30 m TM data, but it does not attempt to directly map this diversity.  

This is similar to a convention used in the recent Multi-Resolution Land Characteristics 

Consortium 2001 National Land Cover Database (Homer, et al., 2004) in which 

development classes were defined by the percentage of pixel impervious surface 

coverage.   

Under the direct mapping land cover schemes made possible by high spatial 

resolution data, there is no need to aggregate cover types into specific land use categories.  

This capability, though, is fraught with challenges because of the spatial detail which 

enables it.  As discussed earlier, the effective aggregation of landscape features (such as 

shadows or small features such as individual, isolated trees) by spatially coarse data may 

actually be desirable for LU/LC mapping purposes.  The strategies that have previously 

been successful in LU/LC classification for coarse data, in turn, may not necessarily 

translate into classification success with spatially fine data (Thomas, et al., 2003).  This 

reality has motivated a whole new range of textural (Johansen and Phinn, 2006) , 

morphological (Cablk and Minor, 2003), and image segmentation (Carleer, et al., 2005) 

classification approaches for use with high spatial resolution imagery.  Many of these 

new methods are inspired by the mapping of urban places.   

 Urban change detection is also both enhanced and challenged by increases in 

image spatial resolution.  A fundamental error source in change analysis is image 

misregistration (Dai and Khorram, 1998).  Co-registration of multidate high spatial 

resolution satellite data is limited both by the positional accuracy of image registration 
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reference data, which can be as erroneous as 1 m even in differentially-corrected Global 

Positioning System (GPS) data, and by the likelihood that two images captured by a 

pointed high spatial resolution satellite sensor at different times will have different 

degrees of topographic distortion.  As a result, change detection error due to image 

misregistration is a particular problem with high spatial resolution data (Wang and Ellis, 

2005).  Furthermore, just as the minimum mapping unit is difficult to define in 

classifying LU/LC with this data, meaningful change units will require careful post-

processing of high spatial resolution change maps.  Nonetheless, high spatial resolution 

imagery is rich in information content and has already been used in a wide variety of 

unique environmental monitoring applications.  This data’s diverse application areas have 

already included rain forest tree mortality (Clark, et al., 2004), coral reef damage 

(Philipson and Lindell, 2003), lake water clarity (Sawaya, et al., 2003), precision 

agriculture (Seelan, et al., 2003), impervious surface mapping (Goetz, et al., 2003), and 

prairie dog habitat (Sidle, et al., 2002).   

In general, increases in remote sensing data resolution have symbiotically related 

to its new applications; as higher quality data emerges, new uses for the data are 

discovered, new methods are developed to process it, new computing power is designed 

to manage it, and future missions and platforms are inspired to capture even higher 

quality data.  Presently, this long-term trend appears to be in an exponential stage.   

2.2 Comparison of Satellite Data Sources for Mapping Urbanizing 

Areas 

Following is the comparison of the resolution capabilities (temporal, spatial, 

spectral, and radiometric) of the currently available satellite-based remote sensing 

systems (Quickbird, IKONOS, SPOT, Landsat, etc.) to provide useful data for mapping 

and monitoring urban environments. 

There are currently at least thirty significant satellite platforms producing data for 

use in various terrestrial and atmospheric scientific applications.  This data is diverse in 

nature, and careful selection of remote sensing inputs can provide time- and cost-efficient 

access to a wealth of information.  In order to contribute to the mapping and monitoring 
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of urban environments, though, satellite remote sensing data must be appropriately suited 

to urban spatial and spectral complexity as well as study goals. 

Remotely sensed data can be compared using four metrics:  its spatial, spectral, 

temporal, and radiometric resolutions.  Spatial resolution refers to the ground dimensions 

of data capture, usually expressed as the side length of an image pixel.  Spectral 

resolution, represented by wavelength interval and/or number of spectral channels, 

defines the type and storage of recorded electromagnetic energy.  The amount of time it 

takes a sensor to revisit or re-image a particular location is referred to as its temporal 

resolution.  Finally, the sensitivity of a sensor to brightness values is known as its 

radiometric resolution, and this metric is expressed in terms of binary bit depth (Jensen 

2005).  

The different resolution characteristics of commonly used satellite sensors are 

presented in Table 1 below, adapted from Rogan and Chen (2004).  The data types 

described in this table are highly variable with respect to sensor resolution.  Commercial 

Quickbird imagery, for example, has a spatial resolution in panchromatic form of 61 cm, 

while data collected by the SPOT-4 and 5 “Vegetation” sensors is stored in 1,150-meter 

pixels.  Temporally, the sensors listed in Table 1 have resolutions ranging from 15 

minutes to 44 days.  Thus, the properties of urban environments as well as urban study 

objectives must be well-defined before an appropriate data source can be identified. 

Spatial structure is an important element of any urban land use / land cover 

analysis.  It is only in recent years that satellite imagery has been able to supplement 

aerial photography as a primary image input into urban analysis (Barr and Barnsley 

2000).  Data availability considerations aside, this is largely because an urban landscape 

is a mosaic of many small building blocks interspersed by a few large ones.  Roads and 

buildings, for example, are among the smallest of these blocks.  The net visual effect of 

these building blocks, as seen in 10-30 m Landsat TM or SPOT data, is an aggregate 

patchwork of developed and mixed land use.  For example, a 30 m Landsat TM pixel 

stores one digital number per spectral band of information for any landscape feature 

smaller than 900 m2.  Each multispectral Landsat TM pixel could, in fact, accommodate 

six one-story square houses, each having a 1500 ft2 (139 m2) footprint.  An AVHRR 

pixel could incorporate more than 8,700 of these houses, if arranged regularly.   
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In reality, single-family houses in many parts of the world are not perfectly square 

and sit on lots made up of various vegetated and non-vegetated surfaces.  How 

adequately these landscape features are represented by coarse spatial data depends mainly 

on study objectives, though.  Landscape- or even-watershed level analyses may be more 

concerned with the textural and summary properties of scaled urban mosaics.  

Furthermore, subpixel classifiers have been applied to remotely sensed data with some 

degree of success in urban environments (Yang et al. 2003).  Nonetheless, increases in 

spatial resolution have been a persistent trend in satellite platform innovation.  Within a 

decade of the 1986 launch of the first SPOT spacecraft, whose 10 m panchromatic spatial 

resolution opened up new urban mapping possibilities, space agencies in Japan, India, 

and Europe had produced satellites with finer spatial resolution than that of the first five 

Landsat units.  The latest generation of commercial satellite ventures, including 

Quickbird, IKONOS, and OrbView-3, all provide one-meter or sub-meter spatial 

resolution and could therefore have intuitive relevance to urban analyses.    

The spectral component of urban remote sensing data is also critical to 

appropriate data selection.  In urban areas, ambient electromagnetic reflectance is 

strongly influenced by the distribution and condition of vegetation and water features, 

especially in the near-infrared range (0.4-1.3 µm) to which many of the Table 1 sensors 

are attuned.  Data of this spectral resolution has the added advantage of enabling a 

representation of the visible world as it is known to humans.   

NASA’s Hyperion sensor, alternatively, provides a recording of continuous 

electromagnetic reflectance across 242 spectral bands in the visible, near-infrared (NIR), 

and short-wave infrared (SWIR) wavelengths.  Although recent attention has been paid to 

developing spectral signatures for built urban features (Hepner and Chen 2001), the 

processing complexity of hyperspectral data has hindered its widespread applicability in 

urban study locations.  However, this data does provide a great deal of information 

relative to the unique reflectance behavior of vegetation, the stress and diversity of which 

is often of interest to researchers of urban areas.  Radar data, such as that of Canada’s 

RADARSAT-1 platform, offers another alternative to visible/NIR spectral information in 

urban areas.  This data may be informative in light of textural analysis and can be 

collected in any type of weather conditions and in daylight or darkness. 
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Rapid changes in land cover are typical in developed environments, and aerial 

photography can be a sporadic source of urban imagery.  This explains the appeal of 

satellites that provide data at frequent revisit rates.  The temporal resolution of the 

GOES-8 sensor is less than an hour in some locations and represents a huge advance in 

satellite data capture.  However, the accompanying 1 km spatial resolution of this data 

makes it virtually irrelevant to most explicitly urban studies.  In fact, GOES data is more 

commonly associated with meteorology and climate research.  The balance of spatial and 

temporal resolution achieved by NASA’s 250 m MODIS data has made it applicable to 

the kind of landscape-level urban research mentioned above.  Many patterns affecting 

urban environmental quality may not emerge unless viewed at the daily or near-daily 

replication offered by MODIS data. 

A final remote sensing data parameter that must be considered in urban analysis is 

radiometric resolution.  In addition to its parallel high spatial resolution, Quickbird and 

IKONOS data also share 11-bit collection depth.  This quality makes this data extremely 

sensitive to brightness variations in electromagnetic reflectance, a useful asset in light of 

the complexity of the urban landscape.  Other notable platforms with radiometric 

resolutions higher than 8-bit storage are the AVHRR, GOES, and MODIS sensors.  Of 

these, MODIS has the greatest potential for contributing to urban analyses due to its 

spectral and spatial characteristics.   

In studies of natural or undeveloped environments, each of the aforementioned 

resolutions must be considered in a different light.  The landscape in non-urban areas is 

dominated either by vegetation, water, or some other natural surface, even amid resource 

extraction or production land uses such as agriculture.  In general, spatial resolution 

might be less of a factor in mapping or monitoring efforts in these settings because of 

increased landscape homogeneity.  In excessively forested or vegetated environments, 

data that is high in temporal and spectral resolution, such as AVHRR data, could be a 

powerful tool for evaluating seasonal or annual change in photosynthetic activity.  Areas 

dominated by bare earth or rock have long been studied using hyperspectral data, while 

the SeaWiFS sensor aboard OrbView-2 is valued for its daily updated coverage of the 

earth’s oceans.   
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In any analysis of urban, natural, or mixed LU/LC environments, the appropriate 

remote sensing input data should primarily be a function of individual study purposes.  

For example, high spatial resolution satellite data has been used in large, homogeneous 

tracts of rain forest for assessment of old-growth tree mortality (Clark et al. 2004).  As 

demonstrated by this specialized application, there is no “best” sensor for mapping any 

one particular type of landscape.  The variety of strengths and limitations of the satellite 

remote sensing data described in Table 1 suggests that analysts should carefully consider 

research objectives before data is selected.  While that ultimate selection will also be a 

function of various other factors, such as budget and processing capabilities, it should be 

guided by the researcher’s desire to derive meaningful information from his or her data.  

This priority will lead the analyst into one of two rewarding strategies:  relying on proven 

research methods or exploring new information extraction frontiers. 

2.3 Change Detection with High Spatial Resolution Imagery  

With recent advances in remote sensing technology, many change detection 

methodologies have been developed for remotely sensed data.  From simple image 

differencing algorithms to more advanced regression algorithms, these techniques help to 

map the extent of change in our environment.  Following is a brief discussion of the 

change detection methods based on their suitability to use with high spatial and 

radiometric but moderate spectral resolution satellite imagery (i.e., Quickbird and 

IKONOS) especially in urban environments. 

Change detection using remote sensing data is an attempt to record natural and 

anthropogenic transitions occurring on Earth (Jensen, 2005).  The choice of input data for 

this purpose will depend on the application interests, study area size, and landscape 

features of concern, and the analysis can be done using either manual or automated 

methods or both.  The spatial scale and information content of satellite-derived remote 

sensing data, though, has inspired a proliferation of automated change detection 

algorithms and methodologies, especially for evaluating and recording land use / land 

cover (LU/LC) change.  In the broadest sense, these automated options can be 

categorized as pre-classification, post-classification, or advanced. 
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Table 1 Characteristics of selected satellite sensors 

Sensor (Mission) Organization 
Operation 
period 

Swath width 
(km)  Spatial res. 

Temporal 
res. 

Radiometric 
res. Spectral res. (µm) 

Spectral 
Channels 

MSS (Landsat 1-5) NASA, USA 1972-1983 185 75 (MS) 240 (TIR) 16-18 days 8-bit 0.5-12.6 4 

AVHRR (NOAA 6-15) NOAA, USA 1978- 2700 1100 12 hours 10-bit 0.58-11.5 5 

TM (Landsat 4, 5) NASA, USA 1982- 185 30 (MS) 120 (TIR) 16 days 8-bit 0.45-2.35 7 

HRV (SPOT 1-3) France 1986- 60 10 (PAN) 20 (MS) 26 days 8-bit 0.50-0.89 3 

LISS-I (IRS-1A) ISRO, India 1988- 148 72.5 24 days  0.45-0.86 4 

LISS-II (IRS-1B) ISRO, India 1991- 146 36.25 24 days  0.45-0.86 4 

SAR, AMI (ERS-1) ESA 1991-2000 102 26 35 days  N/A N/A 

SAR, OPS (JERS-1) NASDA, Japan 1992- 75 18 44 days  0.43-1.7 7 

LISS-III (IRS-1C, 1D) ISRO, India 1995- 142 23, 70 188 (WiFS) 24 days 7-bit 0.52-1.7 4 

SAR (RADARSAT-1) Canada 1995- 45-500 8-100 24 days  N/A N/A 

Panchromatic (IRS-1D) ISRO, India 1997- 70 5.8 24 days 7-bit 0.50-0.75 1 

GOES-8,10 NESDIS, USA 1994- 8 
1000 (VNIR) 8000 (SWIR) 
4000 (TIR) 

0.25 - 3 
hours 10-, 13-bit 0.52-12.5 5 

SAR OPS (ERS-2) ESA 1995- 102 26 35 days  N/A N/A 

Earlybird 
DigitalGlobe, 
USA 1997- 6, 30 3 (PAN) 15 (MS) 2-5 days  0.45-0.89 3 

HRVIR (SPOT 4,5) France 1998- 60 10 (PAN) 20 (MS) 26 days 8-bit 0.50-1.75 3 

Vegetation (SPOT 4,5) France 1998- 2250 1150 26 days 8-bit 0.43-1.75 5 
SeaWiFS (OrbView-2) OrbImage, USA 1997- 2800 1130 24 hours  0.40-0.88 8 

MODIS (EOS) NASA, USA 1999- 2300 
250 (PAN) 500 (VNIR) 1000 
(SWIR) 1-2 days 12-bit 0.620-2.155, 3.66-14.385 36 

ASTER (EOS Terra) 
NASA and MITI, 
USA 1999- 60 

15 (VNIR) 30 (SWIR) 90 
(TIR) 4-16 days 8-, 8-, 12-bit 

0.52-0.86, 1.60-2.43, 
8.125-11.65 14 

MISR (EOS Terra) 
JPL and NASA, 
USA 1999- 360 275 16 days  0.425-0.886 4 

ETM+ (Landsat 7) NASA, USA 1999- 185 15 (PAN) 30 (MS) 60 (TIR) 16 days  0.45-2.35, 10.4-12.5 7 

IKONOS 
Space Imaging, 
USA 1999- 11 1 (PAN) 4 (NIR) 2-5 days 11-bit 0.45-0.90 4 

Quickbird 
DigitalGlobe, 
USA 2001- 6, 30 0.61 (PAN) 2.44 (MS) 1-4 days 11-bit 0.45-0.90 4 

Hyperion and ALI (EO-
1) NASA, USA 2000- 7.5, 185 10 (PAN) 30 (MS) 16 days  0.433-2.35 242, 9 

MERIS (Envisat-1) NASA, USA 2001- 1150 300, 1200 35 days  0.39-1.04 Up to 15 

ASAR (Envisat-1) NASA, USA 2001- 400 30 35 days  Radar 1 

HRG (Spot 5) France 2002- 60 
5 (PAN) 10 (VNIR) 20 
(SWIR) 26 days 8-bit 0.48-1.75 3 

OrbView-3 OrbImage, USA 2003- 8 1 (PAN) 4 (MS) 3 days  0.45-0.90 4 
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Pre-classification methods develop change maps from multitemporal data without 

first generating classified LU/LC maps from that data.  These change algorithms may 

transform or simplify the original data before creating a change map, but they do not rely 

first on the generation of meaningful classifications of the individual image dates.  One of 

the most critical aspects of any pre-classification change detection algorithm is the 

specification of a change threshold.  This parameter, either derived by the analyst using 

initial algorithm output or by the analyst using only a priori knowledge, represents the 

interpretative mechanism by which the algorithm judges whether change has occurred.   

The change threshold will have as many different forms as there are pre-

classification methods.  Some of the most notable among these methods include image 

differencing, image regression, imaging ratioing, vegetation index differencing, principal 

component analysis (PCA), and change vector analysis (Lu, et al., 2004).  In each of 

these methods, the analyst’s major responsibility is to interface with the algorithm in 

defining the change threshold.  If input imagery is suitably matched in terms of 

geometric, radiometric, and atmospheric quality, then the major advantage of pre-

classification change detection is its theoretical simplicity; these approaches may be 

computationally intensive but they do not introduce a great deal of analyst subjectivity as 

they evaluate the quantitative differences in image dates.   

One notable drawback to pre-classification change analysis is that geometric and 

radiometric alignment between image dates may be difficult or even impossible to 

achieve.  The most significant limitation, however, to all pre-classification approaches is 

that they cannot provide a complete “from-to” representation of change (Jensen, 2005).  

They are primarily equipped to identify either binary or scaled indicators of “change” or 

“no change.”  As such, they are particularly robust in measuring in-category and 

landscape-level change, as in the forest defoliation study by Muchoney and Haack (1994) 

and the analysis of continent-scale land cover change in Africa by Lambin and Ehrlich 

(1996).   

Alternatively, post-classification change detection can generally provide a 

detailed matrix of “from-to” change and requires a great deal of preparatory analyst input.  

In this approach, the original study imagery is either thematically classified or otherwise 

used to derive a secondary input product.  The change analysis occurs when the classified 
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maps are compared by one or more of the diverse post-classification methods.  These 

include the expectation-maximization algorithm, artificial neural networks (ANNs), 

unsupervised change detection, and hybrid change detection (Lu, et al., 2004).  Each 

classification input introduces error into the corollary post-classification change analysis, 

and this error is magnified in the final change map by the aggregate classification error 

from each input image.  Importantly, though, in addition to the advantage of the “from-

to” output generated by these approaches, post-classification change detection can 

minimize the effect of atmospheric and environmental disparity between input images.  

These desirable traits and its computational simplicity have made post-classification 

change analysis its most widely applied variety (Jensen, 2005). 

Advanced change analysis methods integrate ancillary Geographic Information 

System (GIS) data, statistical models, spatial analysis, textural metrics, or other 

alternative to pre- and post-classification approaches (Lu, et al., 2004).  These methods 

are too diverse to befit many general characterizations, but they are usually developed in 

response to specific research area issues or LU/LC categories of particular interest.  

Examples of advanced methods include those using measures of spatial dependence 

(Henebry, 1993), generalized linear models (Morisette, et al., 1999), spatial-spectral 

structure (Zhang, et al., 2002), and spatial statistics (Read and Lam, 2002).   

The dynamic nature of urban environments presents unique challenges to remote 

sensing-based change detection.  Concern over the rate, permanence, and impact of 

certain land cover changes, such as forest conversion to impervious surface, has spawned 

a diverse research interest in mapping and understanding urban change (Arnold and 

Gibbons, 1996; Stone, 2004; Wilson and Lindsey, 2005).  Urban change mapping efforts 

can focus on evaluating changes in the spatial boundary or extent of urban places or in 

the physical landscape changes that have occurred (Zhang, et al., 2002).  Furthermore, 

analysts of urban environments can choose to map changes in either land use (McCauley 

and Goetz, 2004), land cover (Dougherty, et al., 2004; Jennings, et al., 2004), or 

aggregate landscape-level metrics (Jin and Shepherd, 2005) and can accomplish their 

goals using a wide range of remote sensing data. Especially with respect to impervious 

residential and transportation features, however, urban change is characterized by 

disjointed, incremental change.  These small changes are emerging as key elements of 
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environmental and municipal degradation (Stone, 2004), but they may not be adequately 

represented in some data types. 

Recent advances in satellite sensor spatial resolution have made this data type a 

formidable media with which to map urban land cover and its change.  Quickbird 

imagery engineered by DigitalGlobe, Inc., for example, has provided data with a nominal 

spatial resolution of 61 cm (panchromatic) and 2.44 m (blue-green-red-infrared) since 

2000 (DigitalGlobe, 2006) .  This type of data is of a spatial and radiometric quality 

suitable to capturing the irregular, small-increment LU/LC changes that occur in urban 

areas.  High spatial resolution satellite imagery has already been used to accurately map 

single image impervious surface extent and distribution (Goetz, et al., 2003; Sawaya, et 

al., 2003).  Used in concert with the appropriate change detection algorithms, this data 

could provide an affordable and repeatable means of accounting for urban development. 

While the next-generation of high spatial resolution satellites such as Quickbird 

and IKONOS provide high quality, 11-bit data with sub-meter ground pixel size and have 

shown land cover mapping promise, their use in change analyses is not a guaranteed 

success.  One inherent limitation is this data’s spectral resolution.  The heterogeneity of 

urban landscapes, in concert with the high degree of this imagery’s spatial detail, results 

in a complex spectral response.  Four discrete spectral bands in the visible and near 

infrared wavelengths at a high spatial resolution may not be enough spectral specificity to 

statistically define distinct scene endmembers, especially when sunlit and shaded sides of 

the same feature will have such different spectral responses (Carleer, et al., 2005).  If this 

issue cannot be resolved by an attempted classification process for two image dates, then 

pre-classification change detection may be the only viable change mapping option.  

However, as described above, pre-classification algorithms rely primarily on quantifiable 

image statistics to generate change maps and will also be hindered by extreme spectral 

variability.  The 11-bit depth of this imagery will be a positive attribute in this respect, 

but there are other challenges to the implementation here of pre-classification change 

detection.   

Foremost among these is this difficulty of achieving the accuracy of image co-

registration necessary to perform successful pre-classification change detection using 

high spatial resolution imagery.  Because these sensors are pointable, they often acquire 
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extreme off-nadir images in order to accomplish frequent revisit periods at their low 

orbit.  This results in slightly variable spatial resolutions as well as significant variations 

in image geometric distortion.  Additionally, the high spatial resolution of these images 

approaches the limits of formerly untouchable georeferencing data such as that of 

differentially corrected Global Positioning Systems (GPS).  Thus, although pre-

processing methods can aid in geo-registering multiple dates of these images, some 

misregistration is inevitable and will certainly degrade change detection accuracies.   

While misregistration will negatively affect both pre- and post-classification 

change detection success, and although accurate image classification with this data is not 

computationally simple, a combination of post-classification and advanced methods of 

change detection will likely extract the most accurate and useful change maps from this 

imagery.  One justification for this reasoning is that the challenge of creating accurate 

LU/LC maps with this imagery, as briefly detailed above, has been more thoroughly 

researched than has using this data for pre-classification change analysis.  Furthermore, 

cleaning up spurious change regions may be a more intuitive process in evaluating post-

classification change maps than in evaluating pre-classification maps, especially since a 

detailed “from-to” record will exist.  In urban areas, ancillary GIS data is also likely to 

exist, and this extra information could assist in all aspects of classification and change 

detection using this imagery. 

One additional reason that advanced post-classification change detection is 

probably the most appropriate general approach to mapping urban land cover change 

using high spatial resolution is that there are a host of existing textural methods that have 

been specifically designed to exploit spatial detail in change analysis.  These methods 

have experienced a proliferation as both airborne and spaceborne sensors have emerged 

with increased spatial resolution during the last ten years.  Im and Jensen developed 

neighborhood analysis procedures in accurately assessing change in multidate 0.7 m 

aerial imagery (2005).  This approach takes advantage of the spatial heterogeneity 

inherent to urban places and captured in high resolution imagery.  Other successes in this 

research area have employed object-oriented change classification (Al-Khudhairy, et al., 

2005), neural networks with ancillary data (Langevin and Stow, 2004), and various 

spatial metrics (Herold, et al., 2003).  This is a bright area of methodological research 
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that capitalizes on inter-pixel spatial detail and intra-pixel spectral detail in a way not 

seen in conventional change detection analyses.  Incidentally, pre-classification change 

detection methods that similarly incorporate spectral and spatial information may also be 

relevant to high spatial resolution imagery and urban mapping. 

As a final consideration, it should be noted that an analyst selecting a change 

detection algorithm should always be mindful of his or her study goals.  Carefully 

defined study questions will directly inform the appropriate LU/LC categorization 

scheme, for example, a choice that will in turn guide the rest of the methodological 

process.  The temporal scale of any change detection evaluation is also critical.  In sum, 

there is no one most appropriate change detection algorithm for any image type.  There 

are certainly algorithms that have higher or lower likelihoods of success, but the right 

choice will ultimately be the method that extracts the desired information content 

necessary to answer the research question at hand. 

3.0 STUDY AREA 

The study area contains a series of adjacent watersheds which are in primarily 

urban and suburban land uses interspersed with large forested clusters (Figure 1). The 

study area incorporates 71.5 km2 and is located in the northeast part of Raleigh, North 

Carolina, USA.  Raleigh is a part of Wake County and the Neuse River watershed, the 

third largest river basin in the state of North Carolina.  The basin encompasses 5,590 

square miles or 1,447,803 hectares (approximately 9% of the state) and drains all or part 

of 23 counties into the Albemarle-Pamlico Sound (McMahon and Lloyd, 1995).  The 

northeast Raleigh area has experienced rapid population growth in recent years, 

particularly along the US-1 and US-64 corridors (Figure 1), and was therefore selected as 

an ideal setting for the land cover mapping and change detecting study described here.    

4.0 MATERIAL AND METHODS 

4.1 Satellite imagery and image pre-processing 

The imagery data used in this study was late June 2002 and early July 2005 

multispectral and panchromatic Quickbird data, produced by Digital Globe, Inc. This 
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imagery records visible and near-infrared (NIR) reflectance between 0.45 – 0.90 µm with 

at-nadir 2.4 m spatial (multispectral), 60 cm spatial (panchromatic), and 11-bit 

radiometric resolution (DigitalGlobe, Inc., 2006).  All image processing for this study 

was performed in Leica Geosystem’s ERDAS IMAGINE 8.7; all GIS analyses were 

performed in ArcGIS 9.1, an Environmental Systems Research Institute (ESRI) product.   

The relatively small temporal scale for this study (2002 to 2005) was chosen in 

light of both technical and practical interests.  Because of the rapid population growth 

within this study area and the high spatial resolution of this imagery, measurable land 

cover changes in the Raleigh area during this three-year time interval could take the 

shape of new housing developments, tree removal, or even the relocation of a vehicle 

from a grass to a pavement parking spot.  An important research task, then, was the 

selection of a meaningful unit of change (or minimum mapping unit).  From this 

perspective, the small-area land cover transitions that could theoretically occur in this 

time frame represent both environmental management and image processing challenges.   

During the image pre-processing stage, each multispectral Quickbird image was 

sharpened with its panchromatic corollary using the Cakir-Khorram data fusion 

algorithm.  Data fusion, in this sense, is the combination of the two image types that 

achieves both panchromatic ground resolution and multispectral spectral resolution 

((Pohl and Van Genderen 1998).  The Cakir-Khorram algorithm, described in Cakir and 

Khorram (2004), achieves this combined resolution while preserving spectral integrity far 

better than traditional fusion algorithms, including principal components analysis (PCA) 

and intensity-hue-saturation (IHS) fusion methods.  Based on differences in image 

acquisition parameters, the fused multispectral images had slightly different output 

ground resolutions of 59 cm (2002, Figure 2 and 4) and 49 cm (2005 image, Figure 2 and 

4).  

In order to georeference the 2002 image, 32 ground control points (GCP’s) 

throughout the study area were collected from the field using differentially-corrected 

Trimble Pro XR Global Positioning System (GPS) data with one-meter accuracy.  These 

points were then used to correct for geometric distortion within the image using a first-

order polynomial correction and nearest neighbor resampling.  This systematic correction 

was applied to the image to achieve a root-mean square error (RMSE) of 1.6 m.  This 
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RMSE was deemed acceptable in light of the high spatial resolution of the imagery and 

the one-meter error limitation of the DGPS.  The imagery was then projected to the North 

Carolina state plane, NAD 1983 datum coordinate system (meters), which matched 

existing ancillary GIS data including roads, tax parcels, and hydrography.  The 2005 

image was then georeferenced to the 2002 image using 27 readily identifiable and well-

distributed GCP’s.  Using a second-order regression polynomial and nearest neighbor 

resampling, the resulting RMSE for this registration was 1.1 m.   

4.2 Image classification 

The two image dates were separately classified using the same basic procedural 

approach (Figure 2 and 4).  Generally, this procedure was a hybrid 

supervised/unsupervised method that involved iterative image segmentation steps.  Six 

categories of land cover (Table 2), including impervious surface, were mapped for both 

image dates.  Unlike coarser-resolution data, the high resolution of the fused imagery 

enabled a direct method of mapping land cover information without the need for mapping 

aggregate classes of land cover which specify, for example, a broad range of impervious 

surface coverage within a class (i.e., low-density residential depicted as 0-20% 

impervious surface).  The six classes of land cover selected for these classifications were 

chosen because they are fundamental land cover types and because classification methods 

for fused, 61 cm multispectral Quickbird imagery are not well-established.  It was 

determined that finer or broader distinctions of land cover type could be the goal of 

subsequent analyses.  
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Table 2.  Land cover categorization scheme for hybrid classification 

Class LU/LC type Description 

1 Water 
Lakes, ponds, rivers, streams, pools, and all other natural and 
artificial surface waters 

2 Impervious Surface 
Transportation infrastructure (roads, parking lots, etc.), 
rooftops, recreational courts (i.e., tennis courts), and all other 
manmade impervious surfaces 

3 Herbaceous 
Urban grasses (yards, recreational fields, etc.) of varying 
degrees of maintenance; gardens, agricultural vegetation 

4 Deciduous 
Trees that shed their leaves before the cold or dry season 
(mostly hardwood species). 

5 Evergreen 
 Trees that keep their leaves throughout the winter (mostly 
coniferous species) 

6 Bare/Disturbed soil 
New construction sites, landfills, gravel areas, or any other 
unpaved non-vegetated surface  

 
As an initial step in this hybrid process, a supervised classification was performed 

using the maximum likelihood algorithm.  A total of 138 training sites, with at least five 

examples from each of the six land cover categories described in Table 2, were digitized 

throughout the study area for the 2002 image.  For the 2005 image, a similarly 

representative 122 training sites were used.  After the output from these classifications 

was aggregated into the six classes of land cover interest, visually problematic classes 

were subset for further analysis.  Within each of these image subsets, an unsupervised 

classification was conducted using 20 classes, the ISODATA algorithm, principal axis 

means computing, 25 maximum iterations, and 95% iteration convergence. This 

procedure was carried out for each of the initial supervised classification outputs except 

the two categories of trees, coniferous and deciduous.   

After the unsupervised classifications were completed (with pixels newly 

assigned or remaining in the initial category of classification), these results were 

combined with the “tree” pixels from the original classification.  Finally, a 3x3 majority 

filter was applied to eliminate classification noise and complete the thematic map.   

4.3 Thematic accuracy assessment methods 

To assess the thematic accuracy of the hybrid land cover classification, a 

reference dataset was created consisting of 543 randomly selected data points for the 

2002 image and 300 points for the 2005 image.  The array of points used for the 2002 

image was the result of a stratified arrangement (20 points per class) of points covering 
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the detailed land cover categories in Khorram et al. (2005), whereas the 2005 array was 

the result of a stratified random (50 points per class) of points covering the Table 2 land 

cover categories.  The land cover at each point was photo-interpreted as one of the six 

thematic land cover types displayed in Table 2.  Errors were reported in terms of 

producers’ accuracy, users’ accuracy, Kappa statistics, and overall classification 

accuracy. 

4.4 Change detection methods and accuracy assessment 

 A post-classification assessment of change was performed between the 2002 and 

2005 thematic maps.  This was accomplished by simple map subtraction, resulting in a 

49-cm resolution map of 36 possible classes (6 categories in 2 images).  The success of 

this approach is limited to the accuracy of the input thematic maps, but it minimizes the 

effect of differences in the images themselves and can provide a complete matrix of 

“from-to” change (Lu, et al., 2004).  The complete “from-to” matrix was aggregated, and 

a binary “change/no change” map was created, with conversions between deciduous and 

coniferous classification not considered change.  Because of the effect of misregistration 

on change detection accuracy (Dai and Khorram, 1998), it was determined that many 

small “island” clusters of change were probably spurious.  Thus, 3x3 and 7x7 majority 

filters were also applied to the binary change map to create two other change maps.  The 

accuracy of all three of these binary maps was determined using a random sample of 100 

reference points in the study area, with 50 points distributed in both “change” and “no 

change” locations as depicted in the original, unfiltered change map.  These points were 

recorded as experiencing “change” or “no change” as visually interpreted using both 

Quickbird images in a manual identification of land cover change.    

 In addition to being majority-filtered, the unfiltered change map was vectorized in 

ArcGIS using the Spatial Analyst conversion tool.  The output was a polygon shapefile, 

which stored the “change” and “no change” contiguous regions in the unfiltered raster as 

polygons.   This conversion was done in order to filter the change map on the basis of 

“change” and “no change” region vector attributes.  Just as, with the rasters, the various 

majority filters were used to eliminate spurious clusters of change that were too small to 

constitute “change” for purposes of this study, it was hypothesized that polygons of 
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certain shape and/or size could be eliminated using vector information.  This hypothesis 

motivated an exploratory approach to change detection post-processing. 

Specifically, this post-processing approach sought to eliminate “change” polygons 

that were smaller than a specified “change” minimum mapping unit as well as “change” 

polygons whose perimeter-to-area (PA) ratio was greater than a specified value.  While 

the former elimination criterion is a standard approach to post-processing of a change 

map, the latter criterion is a relatively novel technique discussed in Salas et al. (2003).  

Conceptually, change areas that are the spurious result of image misregistration should be 

highly linear relative to true change and will therefore have high PA ratios.  Since this 

part of the change detection post-processing effort was exploratory, the minimum 

mapping “change” unit and the PA ratio threshold values used here were based on visual 

estimation.  For the present study, all polygons smaller in size than 50 m2 and, among 

those larger than 50 m2, those having a PA ratio greater than 0.50 were eliminated.  In 

order to determine its accuracy, a comparison was performed between this vector map 

and the same 100 reference points used in the assessment of the raster change maps. 

5.0 RESULTS 

5.1 Accuracy assessment of 2002 and 2005 classified maps 

Tables 3 and 4 present the error matrix for the layered classification of the 2002 

and 2005 image dates, respectively.  The overall accuracy of the 2002 classification 

(Figure 3 and 4) was 80.3% with a Kappa statistic of 0.73.  When Deciduous and 

Coniferous categories were aggregated, overall accuracy rose to 84.2%.  With respect to 

the impervious category, a producers’ accuracy of 87.5% and users’ accuracy of 94.0% 

was achieved.  The Kappa statistic for this category was 0.89, an indicator of 

classification success relative to a completely random classification.   

The accuracy of the 2005 thematic map (Figure 3 and 4) was similar, with an 

overall accuracy of 85% and a Kappa statistic of 0.82 (Table 4).  When Deciduous and 

Coniferous categories were aggregated, overall accuracy rose to 88.7%.  With respect to 

the impervious category, a producers’ accuracy of 81.5%, users’ accuracy of 88.0%, and 

a Kappa statistic of 0.85 was achieved.   
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Table 3.  Error matrix for 2002 classification 

  Reference Data  
  Imp. Deciduous Water Conif. Herba. Bare/dis Total 

Impervious 203 0 4 1 6 2 216 
Deciduous 0 41 0 18 1 0 60 

Water 10 0 37 0 2 0 49 
Coniferous 2 3 0 59 0 0 64 

Herbaceous 14 13 1 22 78 3 131 

C
la

ss
if

ie
d

 D
at

a 

Bare/disturbed 3 0 0 0 2 18 23 
 Total 232 57 42 100 89 23 543 
         
  

Ref. Totals Classif. Totals Correct 
Producers’. 

Acc 
Users’ 

Acc 
Kappa 

 Impervious 232 216 203 87.5% 94.0% 0.90 
 Deciduous 57 60 41 71.9% 68.3% 0.65 
 Water 42 49 37 88.1% 75.5% 0.74 
 Coniferous 100 64 59 59.0% 92.2% 0.91 
 Herbaceous 89 131 78 87.6% 59.5% 0.51 
 Bare/disturbed 23 23 18 78.3% 78.3% 0.77 

 Total 543 543 436    

 Overall Classification Accuracy =   80.3 % ,  Overall Kappa Statistic = 0.73 
Overall Classification Accuracy, Deciduous/Coniferous Aggregated = 84.2 % 

 
Table 4.  Error matrix for 2005 classification 

  Reference Data  
  Imp. Deciduous Water Conif. Herba. Bare/dis Total 

Impervious 44 0 2 0 2 2 50 
Deciduous 0 46 0 3 1 0 50 

Water 0 0 50 0 0 0 50 
Coniferous 2 8 1 37 2 0 50 

Herbaceous 4 3 0 6 37 0 50 

C
la

ss
if

ie
d

 D
at

a 

Bare/disturbed 4 1 0 0 4 41 50 
 Total 54 58 53 46 46 43 300 
         
  

Ref. Totals Classif. Totals Correct 
Producers’. 

Acc 
Users’ 

Acc 
Kappa 

 Impervious 54 50 44 81.5% 88.0% 0.85 
 Deciduous 58 50 46 79.4% 92.0% 0.90 
 Water 53 50 50 94.3% 100.0% 1.00 
 Coniferous 46 50 37 80.4% 74.0% 0.69 
 Herbaceous 46 50 37 80.4% 74.0% 0.69 
 Bare/disturbed 43 50 41 95.4% 82.0% 0.79 

 Total 300 300 255    

 Overall Classification Accuracy =   85.0 % ,  Overall Kappa Statistic = 0.82 
Overall Classification Accuracy, Deciduous/Coniferous Aggregated = 88.7 % 



 25

5.2 Change detection results, 2002-2005 

Error matrices for the three raster land cover change maps are presented in Tables 

5-7, and the most accurate of these (7x7 filtered) is displayed in Figure 5.  For these 

maps, overall accuracy increased with each successive majority filter, culminating in 

72% accuracy in the 7x7 filtered raster.  Similarly, the Kappa statistic for the overall 

classification rose from 0.30 to 0.37 with the use of the 7x7 majority filter.  Of the 50 

points randomly selected from within the “change” category of the initial raster, only 17 

were actually located in “change” areas.  This represents a high level of “change” 

commission error (66.0%), while omission error for the “change” category was relatively 

low at 10.5%.  The degree of “change” commission error decreased in both filtered 

outputs, but it remained high (61.0%) in the 7x7 filtered output.  The opposite effect for 

these metrics was seen in the “no change” category in each of the rasters, which proved 

to have high omission errors (40.7%, 34.6%, and 27.2%) and low commission errors 

(4.0%, 3.8%, and 5.1%) for all three raster outputs. 

The post-processed vector change map and accuracy assessment results are seen 

in Figure 5 and Table 8, respectively.  This map resulted in significantly higher overall 

accuracy at 93.0%, and the overall Kappa statistic for this map (0.79) was more than 

double that of any of the raster outputs.  Additionally, the producer’s and user’s 

accuracies for both “change” and “no change” categories were all above 75.0%.  Relative 

to those of the raster outputs, there was dramatically less “no change” omission error. 

 

Table 5.  Change detection accuracy assessment, unfiltered raster 
Error matrix Reference data  

Classified data No change Change Total 
No change 48 2 50 

Change 33 17 50 
Total 81 19 100 

     
 
Accuracy totals 

 Ref. totals Classif. 
totals 

Correct Producer’s 
Accuracy 

User’s 
Acc 

Kappa 

 No change 81 50 48 59.3% 96.0% 0.79 
 Change 19 50 17 89.5% 34.0% 0.19 
 Total 100 100 65    
 
Overall Accuracy = 65%             Overall Kappa = 0.30 
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Table 6.  Change detection accuracy assessment, 3x3 filtered raster 
Error matrix Reference data  

Classified data No change Change Total 
No change 51 2 53 

Change 30 17 47 
Total 81 19 100 

     
 
Accuracy totals 

 Ref. totals Classif. 
totals 

Correct Producer’s 
Accuracy 

User’s 
Acc 

Kappa 

 No change 81 53 51 65.4% 96.2% 0.80 
 Change 19 47 17 89.5% 36.2% 0.21 
 Total 100 100 65    
 
Overall Accuracy = 68%             Overall Kappa = 0.34 
 
 
Table 7.  Change detection accuracy assessment, 7x7 filtered raster 
Error matrix Reference data  

Classified data No change Change Total 
No change 56 3 59 

Change 25 16 41 
Total 81 19 100 

     
 
Accuracy totals 

 Ref. totals Classif. 
totals 

Correct Producer’s 
Accuracy 

User’s 
Acc 

Kappa 

 No change 81 59 56 72.8% 94.9% 0.73 
 Change 19 41 16 84.2% 39.0% 0.25 
 Total 100 100 65    
 
Overall Accuracy = 72%             Overall Kappa = 0.37 
 
 
Table 8.  Change detection accuracy assessment, vector output 
Error matrix Reference data  

Classified data No change Change Total 
No change 76  2 78 

Change 5 17 22 
Total 81 19 100 

     
 
Accuracy totals 

 Ref. totals Classif. 
totals 

Correct Producer’s 
Accuracy 

User’s 
Acc 

Kappa 

 No change 81 78 76 96.3% 93.8% 0.90 
 Change 19 22 17 89.5% 77.3% 0.89 
 Total 100 100 93    
 
Overall Accuracy = 93%             Overall Kappa = 0.79 
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6.0 RECOMMENDATIONS AND CONCLUSION 

 The raster change maps generated in this study differed by small degrees of 

accuracy, while the vector change detection output was distinctly more accurate than any 

of the raster outputs.  All four outputs had an overall accuracy of 65% or better, a 

considerable success in light of the 49-cm resolution of the change map.  Because the 

accuracy of the unfiltered raster change map was the least accurate, and because all four 

accuracy assessments were based on the reference points generated for use with that 

classification, the distribution of these points was not ideal for assessing the accuracy of 

the 3x3-filtered, 7x7-filtered, and vector change maps.  With only 19 “change” reference 

points and 81 “no change” reference points, the subsequent accuracy analyses were 

biased in favor of maps that had few “false positives” of change.  Thus, it is not 

surprising that the “false positive”-filtering methods applied to all maps but the original 

raster improved classification accuracies.  A more rigorous sampling regime would have 

a larger number of “change” reference points. 

 Nonetheless, the removal of such “change” false positives is a valid objective, and 

the results of this study demonstrate that a vector-based approach has substantial merit 

toward this end.  The raster change detection maps and the vector change map represent 

two methods of handling the same issue:  the effect of multitemporal image 

misregistration on change detection accuracy.  While post-classification change detection 

does incorporate the errors from each input classification, it is error due to misregistration 

that will most needlessly degrade accuracies in high spatial resolution-based land cover 

change mapping.   

Further research in this area should focus on adequate statistical tests of the 

methods described here as compared to alternatives, such as landscape metrics and image 

differencing, and the use of ancillary data, such as tax parcels, to improve the detection of 

true change.  There is ample evidence that this will be valuable work.  The relatively 

accurate vector change map described above (Figure 5) recorded change in 6.5 km2, or 

almost 10%, of the 71 km2 study area during the brief three-year period at hand.  As 

demonstrated here, the next-generation spatial detail of Quickbird and IKONOS data 
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could play a key role in mapping and monitoring the complex and dynamic urban 

landscape. 
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FIGURES 

 
Figure 1 Study area, northeast Raleigh, North Carolina, USA, in 2002 

(2002)
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Figure 2 Study area in 2002 and 2005 Quickbird imagery; green circles highlighting notable land cover change areas 
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Figure 3 Study area land cover depicted in 3x3 majority filtered classification, Summer 2002 and Summer 2005 
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Figure 4 Small portion of the study area in 2002 (top left) and 2005 (top right) Quickbird imagery (False color display) and associated land use land 
cover depicted in bottom images. 
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Figure 5 Land cover change detection maps, 7x7 majority filter and post-processing vector output 
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